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Technological advances have revolutionized the life sciences. The cost of

biological data generation has decreased exponentially in the past decade allowing

simultaneous measurement of various biomolecules, which has enabled biologists

to study cells as systems of interacting components. However, it is becoming clear

that the true bottleneck to biological understanding is not data generation, but

data analysis, leaving many data sets incompletely analyzed. To cope with this

data deluge, diverse and sophisticated data analysis techniques have been devel-

oped and implemented. In this thesis, methodological advances for genome-scale

metabolic models are developed and applied to interpret high-throughput data sets
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to better understand cellular processes at the pathway, network, and dynamic lev-

els. First, an un-biased, algorithmic approach to enumerate biological pathways is

presented. The computed pathways are more consistent with the biomolecular in-

teractions of the associated proteins and genes than even classical, human-defined

pathways. Further, the computed pathways are utilized to discover novel and

non-intuitive transcriptional regulatory interactions in Escherichia coli. Second,

mRNA and protein expression omic data are used to build genome-scale metabolic

models of the human alveolar macrophage and the murine macrophage-like cell

line, RAW 264.7. Model simulations and prospective high-throughput experiments

determined metabolism’s role in macrophages during infection and inflammation

at the network level. Finally, personalized data-driven kinetic models of human

erythrocyte metabolism are presented. Tailored to 24 individuals’ plasma and in-

tracellular metabolite levels, the kinetic models better represent the underlying

genetic makeup of the individuals than the metabolite levels alone. Further, the

personalized models were used to predict and interpret side effects on an individual

basis.
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Chapter 1

Constraint-based models predict

metabolic and associated cellular

function

1.1 Introduction

Understanding the genotype-phenotype relationship is at the core of the

life sciences. For the latter half of the 20th century, the reductionist approaches

of genetics, biochemistry, and molecular biology focused on the elucidation of bi-

ological components underlying this fundamental relationship. These approaches

have provided detailed understanding of individual components, but they do not

address the systemic interactions of biological and environmental components that

underlie phenotypes. Technological advances have now enabled high-throughput

methods to comprehensively characterize biological components simultaneously.

The cost of such data generation has decreased exponentially and the amount of

data generated has become more abundant, which enables biologists to view and

study cells as systems of interacting components.

To cope with the rapidly growing number of high-dimensional datasets,

sophisticated data analysis methods are needed. Diverse approaches that range

from stochastic kinetic models to statistical Bayesian networks have been ap-

1
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plied, each with differing rationales and advantages (Table 1.1). One of these ap-

proaches is constraint-based reconstruction and analysis that is applied to genome-

scale metabolic networks. Reconstructed genome-scale metabolic networks contain

curated and systematized information about the known small metabolites and

metabolic reactions of a cell type, which is based on its annotated genome and on

experimental literature [1, 2]. Genome-scale metabolic networks can be converted

to a mathematically consistent format, which is known as the stoichiometric ma-

trix (Fig. 1.1). This matrix is the central component of a constraint-based model

(CBM), which can be queried by an ever-growing set of modeling methods [3] (Fig.

1.2). CBMs have been primarily built for metabolic networks, including multicel-

lular metabolic interactions [4, 5, 6, 7, 8]. CBMs have also been built for signaling

[9, 10], transcriptional regulation [11], and macromolecule synthesis [12].
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Figure 1.1: Constraint-based modeling: motivation and definition The
functional capabilities of biological systems are constrained by their genetics and
environment, and physico-chemical laws. For example, most natural environments
are limited in nitrogen or phosphate. In addition, the rate of photosynthesis
is a function of latitude as the incident flux of photons changes. In the 1960s,
Daniel Atkinson realized that solvent capacity was a limitation in all cells, as cells
tend to consist of 70% water and 30% biomass [22]. In 1973, Paul Weisz showed
that most intracellular processes operate at rates that are close to the limits of
diffusion [23]. These and other myriad constraints under which cells operate and
evolve have been summarized [24].

We can now systematically reconstruct metabolic and other biochemical reaction
networks. Metabolic networks are analogous to flow networks where metabolites
(shown as circles) ‘flow’ through the network similar to liquids flowing in a
pipe. These flows, and thus the state of a network are subject to myriad
constraints. The network can be converted into a mathematical format known as
the stoichiometric matrix for computation. Rather than derive a single solution,
constraint-based models have an associated solution space (shown as a box) where
all feasible phenotypic states exist given the imposed constraints. This allows one
for simultaneous accounting for the many processes that act on and in cells.

Metabolite flow is constrained by, among other things, the network topology (for
example, the connection of metabolites) and a steady-state assumption (for exam-
ple, the assumption that internal metabolites must be produced and consumed in
a mass-balanced manner). It also constrained by the known upper (also known as
capacities; for example v1,max) and lower bounds of individual reaction fluxes. Im-
posing such constraints ‘shrinks’ the solution space to a more biologically relevant
region. The challenges in constraint-based modeling lie in identifying and impos-
ing the necessary and dominant constraints to define a solution space, as well as
in probing the solution space in a manner such that physiologically relevant fluxes
or phenotypes, are determined.
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Figure 1.2: Constraint-based modeling: introduction to methods for
analysis Constraint-based models (CBMs) have been widely deployed; see Lewis
et al. [3] for an extensive description of the developed methods. However, most
of these techniques are based on two key components: the constraints on the
biological system and the analysis method to predict fluxes.

Constraining metabolic models: The toy model (part a) contains metabolites
(shown as circles) that are converted by reactions (shown as arrows). Each
reaction has a range of potential flux values, which can be constrained (shown
as sliders). The imposition of constraints defines the associated solution space
of the CBM. Most methods modify the metabolic reaction bounds for model
parameterization. Simple constraints include fixing cellular input and output
ranges on the basis of uptake and secretion of metabolites [25], as well as carrying
out genetic knockouts by setting the associated bounds of the reactions to zero
[26]. More advanced techniques include modifying reaction bounds on the basis
of mRNA and protein expression data, either by setting the bounds to zero for
reactions that correspond to absent transcripts and proteins [27, 28] or by linearly
adjusting the bounds based on transcript and protein abundances [29].

Determining flux distributions: After model parameterization, fluxes are cal-
culated. A simplified solution space is depicted with two reactions (v1 and v2) and
an objective function (vobj) (part, b). The standard approach of flux-balance anal-
ysis [15] either maximizes or minimizes the flux of a user-defined reaction (that is,
the objective function) using linear programming (shown by the green circle). An-
other common approach is flux-variability analysis [30], in which the the maximum
and minimum fluxes through each reaction are iteratively computed when the flux
of the objective function is typically constrained to its maximum value (shown by
yellow circles). Finally, Markov Chain Monte Carlo (MCMC) sampling computes
many candidate flux distributions (shown as red dots) that provide a probability
distribution for the fluxes. This approach is unbiased, as no assumption of an
objective is required.
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This introductory chapter begins with a brief description of the four-phase

history of the development of CBM applications. Next, studies are presented that

show the recent progress of integrating high-throughput data sets with the mecha-

nistic and functional context of CBMs to predict metabolic phenotype. Finally, a

roadmap is presented of the remaining chapters, where constraint-based modeling

and kinetic models are utilized to interpret high-throughput data.

1.2 Foundational Developments

Constraint-based analysis has been applied to biochemical reaction net-

works for more than 25 years. To put these developments into context, we exhaus-

tively searched the literature using Web of Knowledge to collect research articles

that utilize CBMs for interpreting and predicting biological phenotypes. We col-

lected 645 articles from 1986 to June 15, 2013. The articles are available with short

descriptions of their contributions to the research field at the literature on model-

driven analysis website hosted by the University of California, San Diego Systems

Biology Research Group (http://sbrg.ucsd.edu/cobra-predictions). An analysis of

this literature shows that the history of CBMs can be divided into four phases.

1.2.1 Initial Studies (1986-1998)

CBMs were initially used to determine theoretical pathway yields and

metabolite overflows [31, 32]. Experimental metabolic fluxes and growth rates

were shown to be consistent with fluxes that were computed on the basis of opti-

mization of cellular objective functions, including minimal production of reactive

oxygen species (ROS) for hybridoma cells [33] and maximal growth rate for labora-

tory strains of Escherichia coli [34]. Concurrently, algorithms - such as Elementary

Flux Modes [35] and Extreme Pathways [36] - were developed [37] to exhaustively

calculate metabolic pathways in CBMs for analysis of network topology [38] and

for uses in metabolic engineering [39] uses. The quantitative match between CBM

predictions and measured cellular behavior opened up the possibility of predicting

phenotypes from a biochemically reconstructed network.
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1.2.2 Building Genome-Scale Networks (1999-2004)

The ability to sequence whole genomes [40] made it possible to formulate

CBMs at the genome-scale and allowed representation of the complete metabolic

gene content in the assessment of phenotypic functions [41]. Importantly, metabolic

reactions in a CBM could be directly linked to the genotype of the target cell,

which allowed for prediction of the consequences of gene knockouts [26, 42]. These

genome-scale models facilitated the study of the global organization of cellular

behavior: such as pathway structure [43], adaptive evolution end points [44],

metabolic fluxes [45], and bacterial evolution [46, 47].

1.2.3 Integrating Omics Data (2005-2009)

As the generation of ‘omics’ data became cheaper and as larger data sets

appeared, researchers began to incorporate these data sets into CBMs [48] (Fig.

1.3). Initially, the metabolic network was used as a scaffold to interpret transcrip-

tional changes [49, 50], in a manner similar to pathway enrichment analysis (Fig.

1.3a). Subsequently, omic data were used more directly by further constraining

individual metabolic reactions to increase the context specificity of CBMs [27, 28]

(Fig. 1.3b).

1.2.4 Maturing to Predictive Practice (2010-)

These efforts resulted in highly curated and validated genome-scale models

that are now enabling the research community to obtain meaningful predictions of

biological functions. The following examples are focused on this most recent phase

in the field of CBM development.

We first discuss the latest evaluations of the assumptions of constraint-

based modeling . Second, we discuss the integration of genome-scale data sets

- specifically, omic data and biomolecular interaction data - with CBMs. Third,

we focus on how discrepancies between model predictions and experimental data

allow targeted experimentation that leads to biochemical discovery. Fourth, trans-

lational applications of constraint-based modeling, including metabolic engineering
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and drug target discovery, are discussed. Finally, we focus on recent advances of

integrating CBMs with other modeling approaches to increase predictive scope.

1.3 Refining objectives

The first constraint-based method for biological predictions was flux balance

analysis (FBA). Its formulation is rooted in the hypothesis that a cell is “striving”

to achieve a metabolic objective (Fig. 1.2). Studies have shown that optimizing the

assumed cellular objectives of growth [44] and energy usage [51, 52], one can predict

metabolic fluxes in microbes. Other studies have questioned the universality of the

biomass growth objective function for predicting relevant metabolic fluxes [53, 54,

55].
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Figure 1.3: The multiple uses of high-throughput data in constraint-
based models. Constraint-based modeling can be used to interpret and augment
omic data sets by using an underlying cellular network that has been biochemically
validated. Metabolites are represented by circles. (A) Similar to pathway enrich-
ment analysis and interaction networks, high-throughput data can be integrated
with the metabolic network topology to determine enriched regions and even sig-
nificantly perturbed metabolites [49]. (B) Omic data add an additional layer of
constraints for reaction fluxes. One study [56] integrated expression profiling data
to determine context-specific flux distributions (pathway shown in red), which in-
creases the fidelity of the data (represented as bars) as well as the accuracy of
flux predictions (upper panel). In addition, two other stuides [57, 58] used omic
data to build cell- and tissue- specific models of human metabolism by remov-
ing unexpressed reactions (shown as discolored reactions) from the global human
metabolic network (lower panel). Differences in these networks can be exploited to
learn unique features of each network. (C) Constraint-based analysis predictions
can be compared and validated against high-throughput data sets. One study
[59] compared flux-balance analysis solutions of different objectives against 13C
fluxomics data to find a combination of objectives that best fit the in vivo fluxes.
Abbreviations: HT - High-throughput
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1.3.1 Do cells maximize growth rate?

To identify the objective function that best predicts experimental data on

growing cells, one study [59] greatly expanded the initial assessment of appropriate

objective functions for FBA by compiling 44 metabolic flux analysis data sets of

in vivo flux distributions for E. coli, and the researchers evaluated the ability of a

reduced CBM to predict these measurements using dozens of single and combined

candidate cellular objective functions (Fig. 1.3c). The best representation for the

in vivo fluxomic data sets was a Pareto surface that is defined by a combination

of three objectives: maximizing biomass generation, maximizing ATP generation,

and minimizing reaction fluxes across the network; that is, the minimization is a

proxy for the most efficient utilization of the proteome [60]. Utilizing flux vari-

ability analysis (FVA) (Fig. 1.2), the authors found that there is some ‘slack’ in

metabolic reaction fluxes when the cell is operating close but not on the Pareto

surface. In fact, they also observed that the in vivo flux distributions were slightly

sub-optimal. The authors showed that this sub-optimality is most likely an evolu-

tionary adaptation that allows rapid adjustment to environmental perturbations.

In this study, metabolic flux analysis simulations were limited to central carbon

metabolism. Future studies are therefore needed to determine whether the opti-

mality principles that have been derived in this study will hold for other metabolic

subsystems that are studied by different labelled metabolites. Nonetheless, CBMs

can use optimality principles to predict the approximate growth state and the

‘hedging’ functions that keep the cells from fully reaching the predicted optimal

states, which are yet to be delineated. Such hedging functions are expected to vary

from strain to strain and organism to organism on the basis of their evolutionary

history.

1.3.2 Moving beyond the assumption of growth optimality

Although the prediction of optimal growth rates has historically received

much attention, most of the recent studies that are highlighted in this Introduction

do not assume optimality of cellular growth. Researchers have been increasingly

adopting alternative unbiased approaches - such as Markov Chain Monte Carlo
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(MCMC) sampling, omic data integration, and metabolic pathway analyses [3] -

that are not subject to assumptions of optimality.

1.4 Contextualizing omic data

The constraint-based modeling framework is amenable to simultaneous in-

tegration of a range of omic data types [48] (Fig. 1.3). In particular, omic data

have been used to constrain calculated flux distributions and as a comparison and

validation tool for model predictions. Such omic data integration has enabled

context-specific studies of the metabolism of an organism and, in the following

cases, the studies of enzyme promiscuity and pathogenesis.

1.4.1 Why are some enzymes specific and some promiscu-

ous?

It is thought that ancestral enzymes were promiscuous and inefficient, and

that they have evolved to become catalytically efficient and specific [61]. However,

it is not well understood why such evolution took place for some enzymes, but

not for others. To address this question, one study [62] classified proteins in the

E. coli CBM [63] into two groups (that is, specialist and generalist enzymes) on

the basis of the number of reactions that are catalyzed by each enzyme. The au-

thors showed that reactions that are associated with specialist enzymes are more

likely to be essential on the basis of growth phenotypes of knockout strains, and

that these reactions are more likely to carry a high and variable flux across hun-

dreds of in silico environmental conditions on the basis of MCMC sampling (Fig.

1.2). Large, disparate data sets were used to validate simulations. Gene essen-

tiality predictions were validated by comparison with a gene deletion collection

[64]. An analysis of kinetic parameters from the Braunschweig enzyme database

(BRENDA) [65] showed that specialist enzymes have higher in vitro catalytic ac-

tivity (that is, higher turnover number (kcat)) and higher substrate affinity (that is,

lower Michaelis constant (Km)). Omic data sets revealed that specialist enzymes

are more tightly regulated at multiple levels, which is indicated by transcriptional
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and post-translation modifications, as well as by small molecule mediated control.

Although enzyme promiscuity has not been fully elucidated and might not be fully

captured in the model, the CBM is nevertheless the best self-consistent represen-

tation of known metabolic reactions and enzymes in E. coli. Consequently, these

predictions provided a direction to integrate and interpret disparate data sets with

the CBM and thereby validating a genome-scale hypothesis that the evolution of an

enzyme towards specificity and catalytic efficiency is dependent both on the func-

tion of the enzyme in its metabolic network context and its evolutionary response

to selection pressures.

1.4.2 What is the role of metabolism in pathogenesis?

Intracellular pathogens adapt metabolism to their host environment during

pathogenesis. One study [56] generated transcription profiling data of pathogenic

intracellular growth to investigate the relationship between metabolism and patho-

genesis of Listeria monocytogenes. The researchers analyzed the data both through

traditional pathway enrichment analysis (Table 1.1) and also integration with a

CBM of L. monocytogenes. They utilized the iMAT algorithm [27] that computes

a flux distribution which best uses reactions that are associated with upregulated

genes and which avoids using reactions that are associated with downregulated

genes (Fig. 1.3b), thereby predicting differential reaction use between conditions.

By comparing pathway enrichment analysis of the transcription data with and

without iMAT, the authors found that iMAT increased accuracy in representing

known changes in intracellular growth because the CBM and the computed flux

states contextualize the expression data. In this way, incorrectly upregulated tran-

scripts - either due to a false-positive measurement or post-transcriptional regula-

tion - are algorithmically ‘corrected’ if the rest of the associated pathway is inactive

(Fig. 1.3b) and vice versa. The higher predictive accuracy helped the authors fo-

cus their experiments on highly active pathways, which were then experimentally

confirmed by generating conditional knockout strains. Prospective experiments

that were based on the identified pathways showed that limiting concentrations

of branched-chain amino acids induced virulence activator genes and elucidated
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the role of amino acid metabolism in pathogenesis. Thus, analysis of transcrip-

tion data is often hindered by the low signal-to-noise ratio and the limitation that

post-transcriptional regulation is not captured in these datasets. These limitations

can be ameliorated for metabolic transcripts by the contextualization of the iMAT

algorithm and CBMs.
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Figure 1.4: Predictive case-studies in understanding underlying prin-
ciples of interaction networks. Many network types are used to represent
cellular behavior. Recent studies have compared the properties of interaction net-
works against constraint-based models (CBMs) to learn global principles. (A)
One study [66] compared an experimental set of genetic interactions for metabolic
genes against interactions that were predicted by flux-balance analysis (FBA). The
CBM was able to recapitulate many of the in vivo principles. However, there were
a high number of incorrect model predictions. Using machine-learning techniques,
key changes to the metabolic network that would improve model accuracy were
identified. Using growth screens, the authors validated that the synthesis of NAD+
from amino acids was only possible from L-tryptophan (L-trp) buts not L-aspartate
(L-asp). ∆bna refers to any of the genes that are related to the kyurinene path-
way, including bna1, bna2, bna4, and bna5. (B) Another study [67] calculated
metabolic pathways - Elementary Flux Patterns - for the network. Elementary
Flux Patterns decompose the metabolic network into distinct functional pathways
(shown by different colors). The degree of co-regulation of each pathway’s genes
was calculated, revealing that some pathways are highly correlated, whereas others
are not. Variation in co-regulation was attributed to the ‘cost’ that is needed for
building the proteins in a particular pathway.
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1.5 Characterizing interaction networks

Recent work shows that CBMs can be used to place interaction networks

of diverse biological components into context and to interpret these networks. In-

teraction networks describe the phenomenological interactions between different

biomolecules, including: genes [68], proteins [69], and transcription factors [70].

Such interaction networks are information dense and highly valuable, but they

cannot generally be formulated into a modeling framework for prediction of physi-

ological functions. In the following examples, the mechanistic information in CBMs

is used in conjunction with biomolecular interaction networks to derive principles

underlying cellular organization.

1.5.1 Genetic interaction networks

The theoretical aspects of genetic interactions of metabolic genes in Saccha-

romyces cerevisiae that were derived using CBMs has been studied [71, 72, 73]. A

recent study [66] used a CBM and experimental data to discover mechanistic prin-

ciples that underlie global properties of S. cerevisiae genetic interaction data (Fig.

1.4a). First, the authors experimentally and computationally quantified genetic

interactions for the genes in the S. cerevisiae CBM [25]. Both the experimental

data and computational predictions showed a global property that genes which are

associated with low-fitness single mutants share many genetic interactions. They

then used the CBM to propose a mechanistic explanation of this phenomenon.

The researchers showed that these deleterious gene deletions directly disrupt the

production of multiple metabolite precursors that are necessary for cellular growth.

Thus, these genes share genetic interactions with other genes that contribute to

the various aspects of their functionality.

The same researchers found that FBA underpredicts genetic interactions,

which can be attributed to the optimality assumption of FBA, the inherent in-

ability of FBA to capture regulation and data on toxic intermediates, or to an

incomplete or incorrectly annotated metabolic network. To determine whether

modifying the CBM could increase its predictive power, a machine learning method
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was implemented to reconcile the two networks by removing reactions, modifying

reaction reversibility, and altering the biomass function in the CBM. Model re-

finement identified one of the two NAD+ biosynthetic pathways from amino acids

in the CBM as a source of inaccurate predictions. Through growth experiments

using mutant strains, the researchers confirmed that the second biosynthetic path-

way was not present in S. cerevisiae. This study shows that CBMs can suggest

the mechanistic underpinnings of genetic interaction networks and that the com-

parison of the metabolic and genetic interaction networks can lead to targeted

improvements in biochemical knowledge.

1.5.2 Transcriptional regulatory networks

CBMs have aided the characterization of underlying principles of transcrip-

tional regulatory networks for E. coli metabolism [67] (Fig. 1.4b). Previous studies

have shown a moderate link between metabolic topology and transcriptional reg-

ulation [43, 74]. To provide a more detailed analysis, one study [67] calculated

potential pathways through metabolic subsystems of the E. coli CBM. Metabolic

pathway structure has been of great interest [43] because a full enumeration of

pathways can describe all possible steady-state metabolic phenotypes. However,

the difficulty in computing Elementary Flux Modes for genome-scale networks has

hindered their widespread use. A recently developed alternative - Elementary

Flux Patterns [75] - calculates metabolic pathways in individual subsystems. This

method ignores pathways that traverse multiple metabolic subsystems but it is

computationally tractable for genome-scale networks. By comparing Elementary

Flux Patterns with transcription profiling data sets [76], the authors showed that

pathways were only moderately co-expressed, but the degree of such expression

varied greatly from perfect co-expression to no co-expression. They then showed

that transcriptional regulation of pathways is dependent on the ‘cost’ of produc-

ing the associated enzymes and on the required response time. In pathways that

contain ‘expensive’ proteins (that is, proteins that are larger in size), transcrip-

tional regulation typically occurs for all enzymes in the pathway, whereas pathways

with ‘low-cost’ proteins are typically transcriptionally regulated only at the first
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and last enzymes of the pathway. This categorization explained some cases of low

co-expression. Thus, by pairing the CBM network topology with transcriptional

regulatory networks, this study was able to outline key principles of metabolic

regulation for different types of metabolic pathways.

1.6 Targeted metabolic knowledge expansion

The studies discussed above focus on integrating CBMs with large-scale

data sets to gain mechanistic understanding. However, incomplete knowledge of

the metabolism of the target cell leads to inaccurate predictions. One feature of

computational models is that incorrect predictions can identify missing or incor-

rect metabolic knowledge. Thus, the discrepancies between CBM predictions and

experimental data have been used to design targeted experiments that correct such

inaccuracy in metabolic knowledge [77, 78].

1.6.1 Discovering new human metabolic capabilities

The initial reconstruction of the global human metabolic network - Recon

1 [79] - is incomplete owing to gaps in our knowledge of human metabolism. Thus

Recon 1 is missing metabolic reactions. Using an established protocol [78], one

study [80] identified such gaps in our knowledge by simulating either production

or consumption of every metabolite to assess whether the metabolite was fully

connected to the rest of the network. For the metabolites that were not fully

connected, a universal database of metabolic reactions [81] was used to predict the

fewest reactions required to fully connect them. The authors found 73 candidate

‘gap-filling’ solutions that fully connected the disconnected metabolites, 47 which

were supported by the literature. Focusing on gluconate, which is a disconnected

metabolite, the authors experimentally characterized open reading frame 103 on

chromosome 9 (C9orf103) as the gene that encodes gluconokinase. This study

illustrates how a self-consistent model of metabolism guides researchers to refine

experimentals to fill in missing gaps in our current knowledge.
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1.6.2 Discovering enzyme functions in E. coli

Constraint-based modeling has been used to discover biochemical knowl-

edge about the well-characterized metabolic network of E. coli. Through sys-

tematic genetic perturbation of E. coli central carbon metabolism, one study [82]

discovered a novel pathway and previously uncharacterized enzymatic functions.

Single, double, and triple knockout strains of central metabolic genes were grown

on 13 different growth conditions with various carbon sources to determine pos-

itive and negative genetic interactions. Concurrently, genetic interactions were

predicted using the E. coli CBM [63]. After careful removal of false predictions

that were due to model assumptions (for example, the inability of FBA to differ-

entiate major and minor isozymes as enzyme abundance and kinetic activity are

not captured), it was observed that discrepancies related to talAB interactions in

the pentose phosphate pathway could not be reconciled. To determine the cause,

the authors generated transcription and metabolite profiling data for the wild

type and knockout strains. A metabolomic analysis identified a new metabolite

- sedoheptulose-1,7-bisphosphate - that had not previously been characterized in

E. coli, which suggests the existence of a novel reaction. Utilizing metabolic flux

analysis and in vitro enzyme assays, they confirmed that phosphofructokinase car-

ries out the reaction and glycolytic aldolase can split the seven-carbon sugar into

three- and four-carbon sugars. Thus the detailed analysis of the CBM against data

discrepancies found two new catalytic functions of classical glycolytic enzymes.

1.7 Designing metabolic phenotypes

CBMs have been used for translational applications, including the design of

metabolic phenotypes. In the past ten years, many algorithms have been developed

for predicting useful genetic manipulation strategies for metabolic engineering [83,

84]. They have also been important in assessing the net energy balance and level

of greenhouse gas emission for bioethanol and biodiesel production [85]. Here, we

discuss one recent CBM success in this field of research.
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Figure 1.5: Predictive case studies in metabolic engineering and drug
targeting. Constraint-based models have been used for answering important ques-
tions in translational research. (A) One study [86] used multiple computational
and experimental tools to design an Escherichia coli strain that produces 1,4-
butanediol (BDO). An unengineered wild-type (WT) strain trades off metabolite
production with cellular growth (shown by the solid line in the solution space).
Using the OptKnock algorithm, BDO production was ‘coupled’ with the growth
objective of the cell by forcing the synthetic BDO pathway to be the sole route
for E. coli to maintain redox balance (shown by black arrows). Thus, the solution
space is modified such that BDO production is linked to cellular growth (shown by
the dashed line in the solution space). (B) In one study, [87] researchers took an
alternative, metabolite centric approach to drug targeting which computationally
removes consuming reactions of a particular metabolite. The approach was exper-
imentally confirmed for V. vulnificus by a structural analogue of the endogenous
metabolite, which also acts as a small-molecule inhibitor. (C) Metabolic reactions
in the E. coli model were augmented to capture reactive oxygen species (ROS) gen-
eration, which allowed the use of flux-balance analysis to predict ROS production
in one study [88]. In follow-up experiments, the authors show that it is possible to
predict drug target strategies to enhance endogenous ROS production to increase
the efficacy of other antibiotics. TCA - tricarboxylic acid cycle
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1.7.1 Production of non-natural, commodity chemicals

There has been a push to use biotechnology to produce commodity chem-

icals. To this end, one study[86] designed an E. coli strain that produces 1,4-

butanediol (BDO) at high yields. Two key hurdles were overcome using computa-

tional methods. First, BDO is not a naturally occurring compound in any organ-

ism. The authors used a pathway prediction algorithm [89] that determines the

necessary biochemical transformations to convert an endogenous E. coli metabolite

to BDO. A final pathway was chosen on the bases of thermodynamic feasibility

[90], the theoretical yield of BDO (which was determined using FBA), the num-

ber of known enzymes for the biochemical transformations (which was determined

using pathway databases [21]), and the topological distance of the pathway from

central carbon metabolism. Second, when the pathway was introduced, the organ-

ism did not produce BDO at high rates; thus a ‘rational’ approach to producing

a metabolic design was pursued using the E. coli CBM [63] and the OptKnock

algorithm [91]. A four-knockout strategy that blocked the production of natural

fermentation products was chosen to force the strain to balance redox and channel

all carbon flux through BDO production (Fig. 1.5a). Further genetic manipula-

tions were needed to create the final strain, which included modifying transcription

factors, swapping E. coli metabolic enzymes with non-native enzymes, and opti-

mizing codons. There are many hurdles to designing a production strain, but this

study shows that CBMs can have a vital role in accelerating and completing the

industrial strain design pipeline to produce non-natural metabolites.

1.8 Discovering Drug Targets

The capability of constraint-based modeling to predict the effects of gene

knockouts provides an important tool for drug targeting studies [92]. Three recent

experimentally validated studies have discovered novel cancer drug targets and

antibiotics.
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1.8.1 Exploiting deficiencies in cancer metabolism

There has been renewed interest in studying metabolic alterations that oc-

cur in cancer cells [93]. In two studies [57, 58], researchers hypothesized that they

could use CBMs to determine and exploit the metabolic auxotrophies of cancer

cells. The first study [57] used a model building algorithm [94] that uses cues

from transcriptomic data to prune metabolic reactions from Recon 1 [79] in order

to build a ‘generic’ cancer model (Fig. 1.3b). They then used FBA predicted

knockout phenotypes to determine ‘cytostatic’ drug targets that selectively block

growth of the cancer model but that do not affect ATP generation and growth of

the ‘healthy’ Recon 1 model . Interestingly, even though cancer cells exhibit het-

erogeneous genotypes and phenotypes, it was found that approved or experimental

cancer drugs exist for 40% of the determined cytostatic drug targets. Analyses of

growth phenotypes using CBMs focus on the capacity for growth under single

knockout conditions. The surprising agreement of computational predictions and

experimental results for a generic model suggests that the metabolic capabilities

of cancer cells are starkly different from those of healthy human cells, which allows

for drug combinations to be detected.

In a follow-up study [58], the researchers experimentally investigated a fu-

marate hydratase deficiency that can cause hereditary leiomyomatosis and renal-

cell cancer. At the time, no mechanism for reduced NADH regeneration was

known for fumarate hydratese-deficient cells. The researchers immortalized and

constructed two cell lines, one of which expressed fumarate hydratase and one

that was deficient in fumarate hydratase. Starting from Recon 1, transcription data

were used to build two cell line-specific models. By comparing predicted knockout

growth phenotypes, they identified a selectively essential pathway for heme biosyn-

thesis and degradation in fumarate hydratase-deficient cells, which represented a

potential mechanism for NADH regeneration. Heme oxygenase (HMOX1) was

experimentally inhibited in both cell lines and fumarate hydratase-deficient cells

were selectively killed, showing that fumarate hydratese and HMOX1 are in fact

synthetically lethal as predicted

Interestingly, the heme pathway ranked only 39th in terms of overexpressed
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pathways in fumarate hydratase-deficient cells, which meant that the predictions

were only possible through the combination of expression data with the CBM.

These results are a step toward identifying effective anticancer drugs using genome-

scale metabolic knowledge. As the CBM predictions focus on differential metabolic

capacities, there exists a potential for false-negative predictions, as additional lay-

ers of differences are not taken into account. In addition, it will be interesting to

see whether these methods can be extended to other cancer types where germ-line

mutations are unknown or absent. The identification of the heme pathway as syn-

thetically lethal with fumarate hydratase represents a key success in using CBM

predictions for prospective experimentation for studying human disease.

1.8.2 Essential metabolites guide antibiotic discovery

Gene knockout simulations in CBMs are accomplished by constraining the

gene-associated reaction bounds to zero (Fig. 1.1). Moving past a gene-centric

approach, an alternative approach for drug targeting is metabolite essentiality

analysis [95] (Fig. 1.5b). To ‘remove’ a metabolite in a CBM, the bounds of the

reactions that consume the metabolite are constrained to zero, and the steady-state

constraint for that particular metabolite is relaxed to allow internal metabolite

accumulation.

One study [87] reconstructed a genome-scale metabolic network for Vibrio

vulnificus, which is a Gram-negative pathogen. By applying metabolite essen-

tiality analysis, the authors found 193 metabolites that are essential to cellular

growth. They narrowed the list down to five essential metabolites that represented

promising targets for drug development by removing metabolites that are found in

humans to lower the potential toxic side-effect and by removing metabolites that

have a single consuming reaction for a more robust effect on the pathogen. The

identified metabolites typically affected a single gene, meaning that traditional

reaction knockouts could have been used.

However, using a metabolite-centric approach has its advantages. It allowed

the authors to search for structural analogues of the essential metabolites to in-

hibit the enzymes that relied on them as substrates. They screened the inhibitory
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capability of 352 compounds that were structurally similar to the predicted essen-

tial metabolites, and the most potent compound was chosen for further evaluation

as an antibiotic. The compound was confirmed to bind to the target enzyme in

folate biosynthesis, which validated the CBM and chemoinformatic predictions.

Furthermore, they found that the compound was more effective than current an-

tibacterials. By using a CBM to analyze metabolism, antibiotic discovery can

be approached from multiple perspectives (for example, from the perspective of a

gene, reaction, or metabolite).

1.8.3 Increasing antibiotic efficacy through ROS produc-

tion

Reactive oxygen species (ROS) can weaken and kill pathogens, and modu-

lation of ROS production could therefore be used as part of an antimicrobial strat-

egy. As a proof of concept, one study [88] predicted genetic engineering strategies

in E. coli to increase internal ROS generation in order to increase antibiotic ef-

ficacy. The current E. coli CBM [63] does not account for the major sources of

ROS production. Thus, 133 metabolic reactions with potential for ROS generation

were augmented in the E. coli CBM (Fig. 1.5c). With the updated CBM, com-

puted single knockout flux distributions included a quantitative readout of ROS

generation. Thus, gene knockouts that increase the endogenous ROS production

were predicted, many of which increased inefficiencies in production or usage of

ATP. For validation, the researchers experimentally knocked out genes that were

either predicted to increase endogenous ROS production, as well as genes that were

predicted to have no effect as negative controls. There was high qualitative con-

cordance of the predictions with experimental measurements of ROS production,

which suggests that a CBM could be used to tune ROS production. These results

are striking because little quantitative information was necessary in the coupling

of flux with ROS production and because a statistical ensemble approach was used

to account for unknown parameters. This study was able to predict genetic engi-

neering strategies that were proven to increase ROS production and to potentiate

oxidative attack from oxidants and antibacterials, which provides a novel approach
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for antibiotic discovery.

1.9 Coupling with other cellular processes

Constraint-based modeling has been mainly applied to metabolism. How-

ever, researchers have recently extended the scope of CBMs and combined them

with different modeling methods to address questions beyond metabolism. Two

approaches that have emerged are extending CBMs of metabolism to include ad-

ditional cellular processes and connecting different modeling methods.

1.9.1 Modeling transcription, translation, and metabolism

CBMs have been reconstructed for cellular processes other than metabolism

[10, 9, 11, 12]. However, until recently, CBMs of different cellular processes had

not been integrated. One study [96] integrated a CBM of Thermotoga mar-

itima metabolism [97] with a CBM for transcription and translation [96] (Fig.

1.6a). By adding information about the transcription and translation machinery,

the CBM accounts for mRNA transcription, protein translation, necessary pro-

tein post-translational modifications, and use of the protein complex to catalyze

metabolic reactions in T. maritima (Fig. 1.6a). To couple the necessary machin-

ery for a particular metabolic reaction, the authors used coupling constraints [98]

that mathematically link a metabolic reaction flux with its required molecular and

enzymatic machinery in formulating the linear programming problem. The result

is an integrated network reconstruction that contains the molecular biology and

metabolism of T. maritima at the genome-scale and that allows the computation

of the functional proteome that is needed to express a given phenotype. The in-

corporation of new cellular processes in the constraint-based modeling framework

is exciting but requires additional parameterization of enzyme efficiencies under

different biological conditions. A key challenge for the improvement and the use of

these new models is the development of parametrization techniques that are driven

by proteomic and transcriptomic data.
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Figure 1.6: Expanding predictive scope through integrative modeling.
The predictive scope of constraint-based modeling has been extended beyond
metabolism either by explicitly accounting for non-metabolic components in the
constraint-based modeling approach or by coupling with other modeling frame-
works. Metabolites are represented by circles. (A) The transcription and trans-
lation of the necessary mRNA, proteins, and cofactors have been explicitly rep-
resented in a constraint-based modeling framework alongside the metabolism of
Thermotoga maritima [96]. This allows simultaneous computation of metabolic
fluxes, mRNA transcript expression, and proteome levels (lower panel). (B)
Metabolic models have also been coupled with other modeling frameworks. The
probability of metabolic gene activation and repression by transcription factors
(TFs) can be computed using a probabilistic transcriptional regulatory network
based on high-throughput data sets (upper panel). The calculated probabili-
ties are then relayed into the constraints of the metabolic reaction fluxes in the
constraint-based model [99], which allows prediction of TF-knockout phenotypes
(lower panel). (C) Structural systems biology can predict biophysical proper-
ties of proteins. One study [100] calculated the individual activity changes of
each metabolic enzyme during temperature shift. The combined effect of all the
metabolic enzymes on the cell was computed by integrating the individual enzyme
changes into the flux constraints of the Escherichia coli constraint-based model
(upper panel), allowing prediction of growth rate as a function of temperature
(lower panel). Enz, enzyme; NTP, nucleoside 5’-triphosphate; P, probability.
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The integrated model hopes to address some of the crucial challenges that

have limited metabolic CBMs. First, the integrated model takes into account the

variability of cellular composition at different growth rates, while metabolic CBMs

only use one biomass function for growth rate optimization. Cellular composition

is dependent on growth rate, and metabolic CBMs have previously accounted for

variations in growth with different cellular compositions [101]. However, an inte-

grated model explicitly represents nucleotide and protein demand as a function of

growth rate, so that a traditional biomass function is no longer necessary. Second,

by coupling transcript and protein synthesis with active metabolic reactions, the

authors quantitatively predicted differential experimental transcriptome and pro-

teome levels across varying conditions. They used upstream genomic sequences

of the differentially expressed genes to determine putative consensus sequences

for transcription factor binding. The newly derived sequences helped to identify

a candidate metabolite transporter, which was subsequently verified experimen-

tally [102]. Finally, by incorporating the required demands for the machinery for

metabolism, the integrated CBM unifies the three-objective Pareto surface that

was discussed above into a single objective [103]. Thus, as the content of these

models increases, the ability of CBMs to explain and predict biological functions

grow in scope.

1.9.2 Merging statistics with mechanistic networks

Statistical approaches are useful when there is limited knowledge of the un-

derlying biological networks. Unlike metabolic networks, the functional states of

transcriptional regulatory networks (TRNs) are harder to define mechanistically

because the underlying biochemistry and biophysics are often unknown. One study

modeled the cellular processes of metabolism and transcriptional regulation using

two different modeling formulations, which included a CBM for metabolism and

a probability metric that is based on omic data for the TRN [99] (Fig. 1.6b).

For E. coli and Mycobacterium turberculosis, the authors amassed the available

transcriptional profiling data sets and the existing transcriptional regulatory in-

teraction networks. Rather than using a Boolean formulation for the TRN [104],
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they calculated the probabilities of activation and repression on the basis of the

collected expression data sets for each pair of transcription factor and target gene.

Similar to how basic constraints are added (Fig. 1.2), the TRN was

combined with metabolism by adjusting upper and lower bounds of individual

metabolic reactions in the CBM on the basis of both the calculated probabilities

of activation of associated target metabolic genes and the allowable flux states

(which are determined by FVA) (Fig. 1.6b). The integrated E. coli metabolic

regulatory model was more accurate in predicting transcription factor-knockout

phenotypes than previous attempts that used integrated models [104]. The newly

developed integrated M. tuberculosis network predicted drug targets and aided in

the identification of novel regulatory roles of transcription factors. Although the

TRN modifies the CBM of metabolism, the calculated flux distributions and the

metabolites that are present do not feedback to parameterize the TRN. A fur-

ther improvement of integrated modeling between transcriptional and metabolic

networks will be to include feedback mechanisms from metabolism.

1.9.3 Structural Systems Biology

One study expanded the E. coli metabolic network by including the ex-

perimentally derived protein structures (where available) and the computationally

predicted protein structures for the metabolic enzymes in the network [100] (Fig.

1.6c). Using structural bioinformatics [105] techniques, changes in enzyme ac-

tivity were predicted and were used as constraints on the activity of individual

metabolic reactions. The researchers focused on thermostability of E. coli’s en-

zymes to study growth rate as a function of temperature. With this approach,

they were able to computationally predict growth rates at varying temperatures,

which were consistent with experimental data. The growth-limiting enzymes were

then determined on the basis of temperature-dependent flux constraints. Although

other temperature dependent parameters, such as cellular composition, were not

considered [106], the predicted growth-limiting enzymes significantly overlapped

with mutated genes from a previous study [107] on adaptive evolution of E. coli to

higher temperatures. For direct experimental validation, the growth-constraining
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enzymes were bypassed by supplementing growth media with the metabolic prod-

uct of the enzyme or of the pathway to which it belongs. Such supplementation

was beneficial for E. coli that was grown at superoptimal temperatures, which sup-

ported the predictive capability of CBMs to account for enzyme thermosensitivity.

These promising results raise the prospect of the substantial effects that structural

modeling might have on improving CBM predictions in the future.

1.10 From pathways to dynamics

The successes of the fourteen studies discussed above demonstrate that

constraint-based modeling is an approach that enables genome-scale science for

metabolism. The remaining chapters of this dissertation utilize metabolic mod-

els (both constraint-based models and kinetic models) for a variety of biological

applications starting from the level of pathways all the way up to cell-scale dynam-

ics. In each chapter, a biological question is posed, novel computational methods

or models are developed, and then used to analyze high-throughput data (Fig.

1.7). In Chapter 2, I focus on biological systems at the pathway level. An au-

tomated, un-biased approach to defining metabolic pathways is introduced and

shown to be more consistent with large-scale biological datasets than traditional,

human-derived pathways. In Chapters 3 and 4, I focus on biological systems at the

network level to study macrophages under infection and inflammation. In Chap-

ters 5 and 6, I focus on the dynamics of biological systems. A cell-scale metabolic

reconstruction of the human erythrocyte is first presented. Then, high-throughput

metabolite profiling data from individuals is used with the developed network to

build high-throughput kinetic models for applications in personalized genomics

and pharmacodynamics.
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Figure 1.7: Outline of this thesis dissertation. Constraint-based and kinetic
models are built and deployed to interpret various types of complex biological
datasets. First, biological systems are studied at the pathway level to develop novel
algorithms for data analysis. Second, biological systems are studied at the network
level to study “immunometabolism” of macrophages during infection and inflam-
mation. Finally, the dynamics of the human erythrocyte are studied for individuals,
with potential applications for personalized genomics and pharmacodynamics.
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Chapter 2

Minimal metabolic pathway

structure is consistent with

associated biomolecular

interactions

2.1 Abstract

Pathways are a universal paradigm for functionally describing cellular pro-

cesses. Even though advances in high-throughput data generation have trans-

formed biology, the core of our biological understanding, and hence data inter-

pretation, is still predicated on human-defined pathways. Here, we introduce an

unbiased, pathway structure for genome-scale metabolic networks defined based

on principles of parsimony that do not mimic canonical human-defined textbook

pathways. Instead, these minimal pathways better describe multiple independent

pathway-associated biomolecular interaction datasets suggesting a functional or-

ganization for metabolism based on parsimonious use of cellular components. We

use the inherent predictive capability of these pathways to experimentally dis-

cover novel transcriptional regulatory interactions in Escherichia coli metabolism

for three transcription factors, effectively doubling the known regulatory roles for

32
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Nac and MntR. This study suggests an underlying and fundamental principle in

the evolutionary selection of pathway structures; namely that pathways may be

minimal, independent, and segregated.

2.2 Introduction

Historically, biochemical experimentation has defined pathways or func-

tional groupings of biomolecular interactions. Such pathways are foundational to

human curated databases, such as KEGG [81], BioCyc [108], and Gene Ontology

[109], are the basis for education in biochemistry, and are broadly deployed for

analyzing and conceptualizing complex biological datasets [21]. However, the or-

der of discovery and perceived importance of cellular components has unavoidably

introduced a man-made bias. Pathway organization is thus often defined in a uni-

versal (rather than organism-specific) manner, missing potential organism-specific

physiology. It is unclear if the currently used pathway structures correctly account

for observed interactions between the macromolecules needed to carry out their

function.

Systems biology has led to the elucidation and analysis of multiple cellu-

lar networks, representing metabolism [25, 110], transcriptional regulation [70],

protein-protein interactions [111], and genetic interactions [68]. These networks

provide the opportunity to build unbiased pathway structures using statistical

or mechanistic algorithms. Statistical approaches have been employed to high-

throughput data and interaction networks to reconstruct the Cellular Component

ontology of Gene Ontology [112]. However, such approaches were not meant to

reconstruct the Biological Processes ontology and build pathways [113].

Mechanistic approaches include utilizing convex analysis with metabolic

networks to automatically define pathways. Genome-scale metabolic networks con-

tain curated and systematized information about all known biochemical moieties

(metabolites) and transformations (reactions) of a particular cell’s metabolism

encoded on its genome and described in experimental literature [114]. The stoi-

chiometric matrix (S) is a mathematical description of a genome-scale metabolic
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network, which can be queried by many available modeling methods [3]. These

models and the calculated reaction fluxes are typically studied under a steady-

state assumption (Fig. 2.1a). Thus, all potential steady-state reaction fluxes of a

metabolic network are contained in the associated null space of S [115]. The basis

vectors of the null space have been previously shown to correspond to biochemical

pathways providing a fundamental connection between mathematical and biologi-

cal concepts [116]. This connection has generated many attempts to characterize

the null space’s contents using convex analysis [37]. Though readily applicable to

small networks, it has been recognized for some time that convex pathway def-

initions (e.g. extreme pathways [36] and elementary flux modes [43]) cannot be

globally applied to genome-scale networks as the enumeration of all such pathway

vectors is not computationally feasible [117]. More recently, approaches have been

developed to define subsets of metabolic pathways [75, 118, 119], though these

pathways do not describe the totality of phenotypic states.

In this study, we present a mixed-integer linear optimization algorithm

(MinSpan) that can for the first time define the shortest, functional pathways

for metabolism at the genome-scale using metabolic networks thereby describing

the totality of steady-state phenotypes. We find that (1) the minimal pathways

are biologically supported by independent biomolecular interaction networks, (2)

the minimal pathways have stronger biological support than traditional human-

defined metabolic pathways, and (3) the minimal pathways guided experimental

discovery of novel regulatory roles for E. coli transcription factors.

2.3 Results

2.3.1 Defining a minimal network pathway structure for

metabolism

In this study, we introduce a network-based pathway framework called

MinSpan that calculates the set of shortest pathways (based on reaction num-

ber) that are linearly independent from each other (Fig. 2.1). The MinSpan
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pathways are the sparsest linear basis of the null space of S that maintains the

biological and thermodynamic constraints of the network. The MinSpan pathways

have a couple notable properties. First, unlike convex analysis approaches [120],

MinSpan pathways can be computed for genome-scale metabolic networks. Second,

the sparsest basis (Figure 1B) maximally segregates the network into clusters of

reactions, genes, and proteins that function together. This property allows for an

unbiased functional segregation of cellular metabolism into biologically meaningful

pathways.

The mathematical derivation of MinSpan is provided in the Materials and

Methods. Here, we begin with an illustrative example of MinSpan for a metabolic

model that contains a simplified representation of glycolysis and the TCA cycle

(Fig. 2.1c). In this example, S has dimensions (m x n) where m = 14 metabolites

and n = 18 reactions. The linear basis for the null space (N) has dimensions

(n x n-r) where r is the rank of S. This S has rank (r = 14), meaning that

the null space is four dimensional (e.g. = 18-14). Thus, a set of four linearly

independent pathways through the network represents a linear basis for the null

space of S. There are numerous potential sets of linearly independent pathways for

a metabolic network as the linear basis of the null space is not unique. MinSpan

chooses a set representing the shortest independent pathways and we later show

that this linear basis is more biologically relevant than other linear bases.

Running MinSpan on the simplified model converts the linear basis matrix

(N) to a MinSpan pathway matrix (P) that contains the four shortest, linearly in-

dependent reaction pathways (Fig. 2.1b). The resulting pathways are presented on

the network map (Fig. 2.1d). MinSpan pathways 1 and 3 are similar to traditional

metabolic pathways (e.g. pathways that look like glycolysis and TCA cycle in this

simplified network), while the last two MinSpan pathways do not mimic traditional

pathways. In the supplementary material, we contrast MinSpan with past convex

analysis methods (e.g. Extreme Pathways and Elementary Flux Modes) and also

present another illustrative but more complex example for E. coli core metabolism.
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Figure 2.1: Overview of the MinSpan algorithm. (A) A metabolic network
is mathematically represented as a stoichiometric matrix (S). Reactions fluxes (v)
are determined assuming steady-state. All potential flux states lie in the null space
(N). (B) The MinSpan algorithm determines the shortest, independent pathways
of the metabolic network by decomposing the null space of the stoichiometric
matrix to form the sparsest basis. (C) A simplified model for glycolysis and TCA
cycle is presented with 14 metabolites, 18 reactions, and a 4 dimensional null space.
Reversible reactions are shown. (D) The four pathways calculated by MinSpan
for the simplified model are presented, two of which recapitulate glycolysis and the
TCA cycle, while the other two represent other possible metabolic pathways. The
flux directions of a pathway through reversible reactions are shown as irreversible
reactions.
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2.3.2 MinSpan pathways are supported by independent bi-

ological datasets

MinSpan pathways are a fundamental and unbiased attempt to define path-

ways for metabolism. We next determined whether MinSpan pathways have bi-

ological relevance. By definition, pathways represent a grouping of biochemical

transformations that can concurrently function. The biomolecular machinery (e.g.

genes and proteins) of metabolic pathways have been previously shown to prefer-

entially share interactions compared to components outside of pathways. Thus,

the genes within pathways preferentially contain positive genetic interactions [121]

and are co-regulated [67]. Furthermore, the proteins within pathways preferen-

tially contain protein-protein interactions (see Supplementary Material). Thus,

we compared calculated MinSpan pathways of genome-scale metabolic networks

to the independent genome-scale networks of protein-protein interactions (PPI)

[122], genetic interactions [68], and transcriptional regulation (TRN) [70].

We computed MinSpan pathways for the genome-scale metabolic networks

of Escherichia coli [110] and Saccharomyces cerevisiae [25]. They contain 750 and

332 pathways respectively, representing the dimensions of the two null spaces. Each

reaction in a metabolic network has a “gene-protein-reaction” association, which

is a set of Boolean rules describing the required genes, transcripts, and proteins

required to catalyze a metabolic reaction (Fig. 2.2a). For each MinSpan pathway,

we grouped the genes and proteins of all the metabolic reactions within a particular

pathway providing 750 and 332 sets of genes and proteins for each organism (Fig.

2.2b).
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Figure 2.2: Correlation analysis shows MinSpan pathways are biolog-
ically relevant. (A) “Gene-protein-reaction” (GPR) associations describe the
necessary genes and proteins required for the catalysis of a metabolic reaction.
Pyruvate dehydrogenase in E. coli is shown as an example. (B) We grouped genes
and proteins in the GPRs for each MinSpan pathway to check consistency with
data sets on pathway associated biomolecular interactions. (C) Correlation analy-
sis of the gene and protein sets shows MinSpan pathways are biologically consistent
with three different biomolecular interaction networks: (D) Protein-protein inter-
actions in S. cerevisiae (yeast two-hybrid data), (E) Positive genetic interactions
in S. cerevisiae (p < 0.05 and ε > 0.16 as defined by Costanzo et al.), and (F)
Transcriptional regulation in E. coli. MinSpan pathways are more consistent with
data-driven protein interaction, genetic interaction, and transcriptional regulatory
networks than human-defined pathways (KEGG, BioCyc, and GO), a least sparse
null space (MaxSpan), and randomly generated null spaces (RandSpan). Accuracy
(y-axis) is determined by the area under the curve (AUC) of the receiver operating
characteristic (ROC) curve. Coverage (x-axis) is determined by the number of
interactions the method made a prediction for. The dotted circle for RandSpan
represents the mean plus one standard deviation of the 100 random null spaces.
x,y axes values are in the Supplementary Material.
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We compared the MinSpan pathway protein and gene sets against three

independent and different biomolecular interaction networks (Fig. 2.2c). We hy-

pothesized that a highly correlated co-occurrence or co-absence of two proteins

across all the MinSpan protein sets of a particular organism was an indication

that the proteins share a PPI and that a co-occurrence or co-absence of two genes

implies that the genes positively interact or that they are co-regulated by the same

transcription factor (TF). We compared MinSpan pathways to PPI and genetic in-

teractions in S. cerevisiae and the TRN of E. coli as the datasets are most complete

for those particular organisms.

By testing for significant Spearman correlation coefficients of co-occurrence

or co-absence of two proteins across the S. cerevisiae MinSpan pathway protein

sets, we were able to determine a priori roughly 80% of known yeast two-hybrid

PPIs in metabolism [122] with high accuracy and coverage (Fig. 2.2d). Similarly,

positive genetic interactions [68] in metabolism were accurately predicted by sig-

nificant correlations of genes across the S. cereivisae MinSpan pathway gene sets

(Fig. 2.2e).

We also used correlation analysis with E. coli pathway gene sets to predict

co-regulation by the same TF (Fig. 2.2f). We predicted over 6700 co-regulated

gene pairs within E. coli metabolism. Our analysis quantitatively revealed two

levels of regulation. First, local regulation (by TFs regulating at most 30 genes,

which accounts for 90% of E. coli TFs regulating metabolism) is pathway based

with TFs acting directly on linearly independent, minimal pathways (Fig. 2.2f).

Second, global regulation (TFs with more than 30 regulated metabolic genes)

involves many simultaneous cellular functions that are not just metabolic, and

does not necessarily mimic the metabolic scaffold. Hence, MinSpan pathways

recapitulate local and intermediate regulatory mechanisms, but do not capture

the less-specific roles of global regulators.



40

2.3.3 MinSpan pathways are more biologically supported

than human-defined pathways

MinSpan pathways are highly consistent with PPI, positive genetic inter-

actions, and local transcriptional regulation implying their biological relevance.

However, a key question arises: are there other pathway structures (human

or network-defined) that are equally or better suited at representing pathway-

associated biomolecular data types?

To answer this question, we compared the biological relevance of MinSpan

pathways to other network pathway structures derived from the null space of the

stoichiometric matrix. We calculated the “MaxSpan” or a null space basis matrix

with the least number of non-zero entries (e.g. the longest pathways) and generated

“RandSpan” or randomly generated null space bases (n =100) that had random

criteria for the sparsity of the matrix. We also compared MinSpan to commonly

used human-defined pathway databases including: KEGG Modules [81], BioCyc

(EcoCyc [123] for E. coli and YeastCyc [124] for S. cerevisiae), and the Biological

Processes ontology of Gene Ontology [109] for both organisms.

Surprisingly, repeating the correlation analysis for these alternative net-

work and human-defined pathways, we found that MinSpan pathways were gen-

erally more consistent with recapitulating biomolecular interactions (Fig. 2.2d,

e, & f). For PPIs, MinSpan was marginally more consistent than other meth-

ods. As most PPIs occur between proteins within the same metabolic complex or

adjacent metabolic reactions, most metabolic pathway structures should conserve

PPIs. However, for the more difficult predictions of positive genetic interactions

and local/intermediate transcriptional regulation, MinSpan was by far the most

accurate pathway structure examined. None of the pathway structures were highly

consistent with global regulation.

These finding have two important implications. First, MinSpan pathways

have more underlying support from biomolecular data types than human-defined

pathways suggesting an alternative and fundamental modular organization of cel-

lular metabolism. Defining pathways by human intuition and interpretation is less

representative of the biomolecular interactions. Second, a minimal pathway struc-
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ture is more biologically relevant than other potential linear bases of the null space

confirming the principle underlying its use.

2.3.4 Global Comparison of MinSpan and Human-Derived

Pathways

How different are the MinSpan pathways from other sources of pathway

definitions? We can delineate the coverage and similarity of MinSpan pathways

against traditional pathway databases for E. coli and S. cerevisiae metabolism

(Fig. 2.3) to answer this question. First, we determined the number of pathways

in each database covering the metabolic genes in the E. coli and S. cerevisiae

metabolic models (see Table 2.1). There are widely varying numbers of pathways

between all the databases. KEGG is the smaller of the two metabolic pathway

databases. Gene Ontology contains many other genetic classifications and is larger

than KEGG and BioCyc. MinSpan was the largest pathway database.

Second, we calculated pair-wise connection specificity indices (CSI) [125,

126] for pathways across all databases (MinSpan and human-defined) based on their

gene products and hierarchically clustered them (Fig. 2.3a). The CSI provides

both a metric of how similar two pathways are, and how specific their similarity

is compared to the rest of the available pathways. For each pathway definition

(MinSpan, KEGG, BioCyc, and GO), we determined how many of their pathways

are captured in other pathway definitions by whether or not they shared a high CSI

value (Fig. 2.3b). As the number of MinSpan pathways is much larger than the

number of pathways for other databases for E. coli, MinSpan captures most of their

information, while KEGG, EcoCyc, and GO capture much less of MinSpan. For

S. cerevisiae, Gene Ontology has the highest coverage. It has two fewer pathways

than MinSpan (Table 1), but fully captures MinSpan pathways.
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Figure 2.3: Global comparison of MinSpan pathways with databases of
human-defined pathways. (A) The pairwise connection specificity index (CSI)
was calculated for all pathway definitions (from four sources: MinSpan, KEGG,
BioCyc, and Gene Ontology) for E. coli and S. cerevisiae as a measure of path-
way similarity. The CSI matrix was hierarchically clustered and the database that
the pathway originates from is color-coded to the left and above the heatmap to
illustrate the clustering. (B) The percentage of pathways that share a high CSI
value (top 15% of interactions) between pathway databases is presented. For ex-
ample, MinSpan pathways are similar to and capture roughly 88% of all pathways
in KEGG for E. coli. Conversely, KEGG is much smaller and only captures 26% of
MinSpan pathways. (C) A K-nearest neighbor search was done to see how path-
ways classify into other databases. KEGG and BioCyc pathways have the closest
resemblance with Gene Ontology being the next similar. MinSpan is significantly
different than human-defined pathways. (* - significant enrichment, † - significant
depletion). (D) 533 MinSpan pathways are similar to 582 traditional pathways.
There is not a one-to-one mapping as similar pathways may exist in multiple
human-defined databases. For E. coli, there are 204 unique MinSpan pathways.
In S. cerevisiae, there are none as Gene Ontology captures all the pathways from
the metabolic model.
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Third, we used a K-nearest neighbor search to assign the individual path-

ways of one pathway definition into the other three pathway definitions (Fig.

2.3c) to determine if certain pathway definitions are more similar than others.

The number of pathways that were similar between KEGG and BioCyc pathways

and BioCyc and GO was statistically significant (p < 0.05, binomial distribution,

Bonferroni correction) for both organisms. The number of pathways that shared

similarities with MinSpan was significantly depleted (p < 0.05, binomial distribu-

tion, Bonferroni correction), or dissimilar, from most pathway definitions in both

organisms. This suggests that KEGG and BioCyc have the most similar path-

ways, followed with Gene Ontology, which has more similarities with BioCyc than

KEGG. MinSpan pathways are significantly different from human-defined pathway

databases and for E. coli contain many unique pathways (Fig. 2.3c).

Fourth, we determined what caused the significant difference in MinSpan

and human-defined databases by looking at the individual pathways that were

similar or dissimilar between the pathway definitions (Fig. 2.3d). For both E. coli

and S. cerevisiae, MinSpan captured traditional pathways in carbon metabolism

(e.g. glycolysis, pentose phosphate pathway, TCA cycle), amino acid metabolism,

and nucleotide metabolism. However, 26 of the 56 pathways missed by MinSpan

for E. coli were related to fatty acid metabolism. A MinSpan pathway operates

under the steady-state assumption, leading to full flux balance of the metabolic

network (e.g. all metabolites and cofactors in the pathway must be produced,

consumed, and/or recycled). Traditional fatty acid pathway representations do

not include all necessary components and fatty acid pathways typically require the

most precursors and cofactors. Conversely, 99 of the 204 MinSpan pathways missed

by traditional pathways dealt with pathways that contained the necessary cofac-

tors and precursors, mainly for fatty acid metabolism. The second representative

difference was that a few traditional pathways (representing gluconeogenesis and

deoxyribonucleotide biosynthesis) were broken up into smaller MinSpan pathways.

Third, MinSpan pathways for E. coli contained 54 novel pathways related to ion

transport, alternate carbon metabolism, and electron transfer.

For S. cerevisiae, Gene Ontology has a larger coverage of metabolism than
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MinSpan. This difference is due to two reasons: 1) the metabolic model of S. cere-

visiae is not as comprehensive as the model for E. coli, and 2) the Gene Ontology

for S. cerevisiae is relatively more comprehensive than the one for E. coli. There

were 32 pathways missed by MinSpan due to differing representations than tradi-

tional pathway databases. Seven missed pathways dealt with fatty acid metabolism

and their MinSpan counterparts took cofactors and precursors into account. Five

traditional pathways for tyrosine biosynthesis and triglyceride biosynthesis were

broken up into smaller pathways by the MinSpan algorithm. The specific path-

ways that are missed by the MinSpan algorithm are provided in the Supplementary

Data.

2.3.5 Key Examples of MinSpan Differences

As discussed from a global perspective, there are three representative dif-

ferences between MinSpan and traditional pathways (Fig. 2.4). First, MinSpan

enumerates pathways not already described in databases. We found 54 metabolic

pathways in E. coli that were not described in KEGG, Gene Ontology, or EcoCyc.

For example, one such pathway involves the degradation of shikimate, an aromatic

compound, to L-tryptophan (Fig. 2.4a). The pathway consists of eight metabolic

reactions, six of which are co-regulated by TrpR in E. coli, lending support to the

pathway’s biological relevance.

Second, MinSpan pathways are mass-balanced and are functionally inde-

pendent units that take into account systemic requirements. For example, the

traditional human-defined pathway for purine biosynthesis starts from phospho-

ribosyl pyrophosphate (prpp) and L-glutamine (Fig. 2.4b). Purine biosynthesis

consists of 11 metabolic reactions that lead to IMP, which is further modified to

other purines. This traditional pathway exists in KEGG, Gene Ontology, and

EcoCyc and is biologically relevant as all 11 reactions are co-regulated by PurR

in E. coli. The third metabolic reaction for purine biosynthesis (phosphoribosyl-

glycinamide formyltransferase) requires 10-formyltetrahydrofolate (10fthf). Thus,

the MinSpan pathway for purine biosynthesis also includes tetrahydrofolate (THF)

recycling which contains three reactions. The gene for the first reaction in THF
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recycling is transcriptionally regulated by PurR, while the two other reactions?

genes are not transcriptionally regulated. MinSpan elucidates a coupling of THF

recycling to IMP biosynthesis that is independently verified by the co-regulation

of the necessary genes.

Third, the minimalist decomposition of MinSpan is especially useful for

complex metabolic network topologies where pathway enumeration is manually

difficult. For example, threonine and methionine metabolism in S. cerevisiae is

a small but complex network consisting of 12 metabolic reactions that involve

multiple amino acids (Fig. 2.4c). KEGG contains two pathways for this region:

L-aspartate to L-threonine and L-aspartate to L-methionine (Fig. 2.4c). This

ignores another potential path to L-methionine from L-threonine. YeastCyc and

GO cover all reactions in the example by containing many more pathways, seven

and five pathways respectively. Similar to KEGG, both YeastCyc and GO de-

scribe L-methionine synthesis through L-aspartate. On the other hand, MinSpan

decomposes the network into L-threonine production through L-aspartate and L-

methionine production through L-threonine (Figure 4C). These two functional

units contain the shortest possible connection between the major metabolites. In

the process, this decouples L-aspartate from L-methionine production.

Genetic interactions are consistent with the parsimonious approach. From

the correlation analysis (at a False Positive Rate of 20%), both MinSpan and

human-defined pathways correctly identified four positive genetic interactions in

the L-threonine synthesis pathway (Fig. 2.4c) suggesting a functional metabolic

pathway. However, there were no positive genetic interactions in the traditional

L-methionine synthesis from L-aspartate, suggesting no functional pathway and

leading to five false positive predictions. In fact, YDR158W and YER091C interact

negatively, further supporting that the two genes are not in the same pathway.

Conversely, MinSpan separates L-aspartate from L-methionine and hence correctly

predicts no genetic interactions. In addition, YCL064C negatively interacts with

YER052C, YDR158W, YJR139C, and YCR053W lending support to L-threonine

and L-methionine production being decoupled.
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Figure 2.4: The three differences between MinSpan and human-defined
pathways. (A) MinSpan automates the enumeration of biologically relevant
pathways. (B) MinSpan includes all required components of a pathway to be
independent. The additional pathway components not found in human-defined
pathways, such as THF recycling, are often co-regulated and thus a part of
a coherent pathway functioning as a “module” in a network. (C) MinSpan
decomposes complex topology into the simplest representation. For example,
there is a shorter route to L-methionine production through L-threonine than
from L-aspartate. Note: for MinSpan pathways, only the representative genes
of the pathway are shown. Abbreviations: 10fthf: 10-formyltetrahydrofolate;
2obut: 2-oxobutanoate; gar: glycinamide ribonucleotide; L-cysta: L-cystathionine;
methf: 5,10-methenyltetrahydrofolate; mlthf: 5,10-methylenetetrahydrofolate;
prpp: phosphoribosyl pyrophosphate; skm: shikimate; thf: tetrahydrofolate.
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2.3.6 MinSpan pathways predict transcriptional regulation

MinSpan is an inherent property of metabolic networks, unlike human-

defined pathways, and offers the direct ability to predict pathway associated

biomolecular properties from flux distributions calculated by constraint-based

modeling. From the above correlation analysis, we observed that genes within a

MinSpan pathway are often co-regulated by the same TF. Thus, we tested whether

TFs act directly on the MinSpan pathway structure during metabolic shifts to co-

ordinate expression of the metabolic genes needed to implement a fully functional

pathway.

Constraint-based models can be used with Monte Carlo sampling meth-

ods to compute candidate reaction flux states through the metabolic network

[127]. Comparing the significantly changed reaction fluxes between two sampled

metabolic conditions has been previously shown to be consistent with experimen-

tal datasets [128, 5, 62] (Fig. 2.5a). However, these predicted differences are on

an individual reaction basis, not for coordinated changes in flux states that might

reflect the actions of the TRN.

A reaction flux state can be decomposed into its constituent pathways.

As the MinSpan pathway matrix (P) is a linear basis for the null space of S,

any sampled flux distribution (v) can be decomposed into linear weights (α) of P

(Wiback et al., 2003). Thus, metabolic reactions (v) determined from Monte Carlo

sampling can be converted into changes in pathway flux loads (α) (Fig. 2.5a). As

MinSpan pathways maintain the transcriptional regulatory hierarchy, the MinSpan

pathways can then be associated to TFs based on enrichment of known regulatory

gene targets [70] (p < 0.01, hypergeometric test). Thus, a significant change in

the flux load of a MinSpan pathway (α) is a direct predictor of pathway-associated

TF activity.
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Figure 2.5: MinSpan pathways help predict transcription factor activity.
(A) Constraint-based models can determine reaction activity, or flux states (v),
using Monte Carlo sampling. Decomposing sampled flux states into linear weight-
ings of MinSpan pathways (α) allows prediction of TF activity. For example,
metabolic reaction fluxes are sampled under glucose minimal media and glucose
minimal media + L-arginine supplementation. Typical analysis would yield a list
of reactions (including vi) that are significantly changed. With MinSpan pathways,
the flux distributions can be converted into significant changes in pathway activity
(including αj). TFs are associated with pathways based on enrichment of regu-
lated genes. Predicting TF activity is based on which TFs are associated with the
significantly changed pathways, in this case αj is associated with ArgR. (B) The
TF activity of 51 nutrient shifts was predicted and can be hierarchically clustered
by nutrient shift type. TF activity for the heatmap is defined as the percentage
of differential MinSpan pathways that are associated with that TF. 36% of the
TF-environment associations predicted are not known, providing numerous pre-
dictions for experimentation. Experimentally tested TF-environment associations
are highlighted.
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Metabolic reaction fluxes were computed by Monte Carlo sampling [127] for

minimal, aerobic glucose conditions, as well as 51 nutritional shifts due to changes

in carbon, nitrogen, phosphorus, and sulfur sources, as well as supplementation of

amino acids and nucleotide precursors and removal of oxygen. Sampled metabolic

reaction fluxes (v) were decomposed into MinSpan pathway flux loads (α) to deter-

mine significantly changed pathways across nutritional conditions (Fig. 2.5a). TFs

associated with significantly changed pathways (p < 0.05, Wilcoxon signed-rank

test) were then used as predictors of transcriptional regulation.

Predicted TF activities (Fig. 2.5b) substantially agreed with known regula-

tory changes detailed in EcoCyc [123] and primary literature (see Supplementary

Material). As the TRN is not completely known, we focused only on true pos-

itive predictions. Transcriptional regulatory changes for 37 of the 51 nutrient

shifts matched known associations (true positives) and eight other shifts partially

matched known TF-environment associations (see Supplementary Material). Fo-

cusing only on these two groups, 36% of the predicted TF activities are not known

to be associated with the corresponding shift, providing numerous novel transcrip-

tional regulation predictions.

Hierarchically clustering nutrient shifts based on predicted TRN response

stratifies key classes of shifts (Fig. 2.5b). Nucleotide precursor supplementation

is characterized by PurR and GcvA activity. Alternate sulfur sources as well as

L-cysteine and L-methionine supplementation clustered by CysB activity. Sugar

carbon sources clustered by Cra. Organic acid carbon sources, including glycerol,

were systemic, characterized by Fnr, Lrp, and Cra activity. Other systemic shifts

included the response to the lack of oxygen and alternate nitrogen sources. Fi-

nally, predicted transcriptional regulatory changes of well-studied shifts [129, 130]

of amino acid supplementation (L-arginine, L-leucine, L-tryptophan), nucleotide

supplementation (adenine), and oxygen depletion are described in greater detail

enumerating specific MinSpan pathway changes (see Supplementary Material).
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Figure 2.6: MinSpan TRN predictions suggest informative dual pertur-
bation experiments that led to discovery of novel E. coli transcriptional
regulation. (A) Nac plays a role in purine metabolism and a larger role in nitro-
gen metabolism than previously known. Nac also regulates Lrp through gcvB. (B)
Cra regulates tnaCAB, which is also subject to Crp regulation. (C) MntR plays a
regulatory role for four genes that are heavily regulated by ArcA/Fnr/Fur/PdhR
and are utilized during anaerobic conditions.
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2.3.7 MinSpan pathways aid in experimental discovery of

novel regulation

MinSpan pathways not only accurately predict known TF activities but

also offer an opportunity to discover novel regulation. We chose three novel TF-

environment predictions to experimentally validate that are non-obvious, in the

sense that little to no literature links the TF with the predicted associated envi-

ronment. To be rigorous in the experimental design, we chose environmental shifts

that have been well-studied; where discovering novel experimental findings would

be more difficult.

The three tested associations were: Nac with adenine supplementation

(ade/Nac), Cra with L-tryptophan supplementation (L-trp/Cra), and MntR with

shift to anaerobic conditions (OO/MntR). The chosen shifts represent three dis-

tinct magnitudes of dual perturbations. In the ade/Nac case, the environment

and genetic perturbations are both relatively minor. In the L-trp/Cra case, Cra

is a broad acting TF and dominates, while the environmental perturbation to the

absence of oxygen dominates in the O2/MntR case.

We generated RNA-seq data from dual perturbation experiments [104, 131]

for the three cases consisting of perturbations in the environment (media supple-

mentation) and genetics (TF knockout) of E. coli. For each case, we determined

the gene set that is uniquely differentially expressed because of the genetic pertur-

bation during environmental shift (see Materials and Methods) in order to analyze

whether the TF plays a role in the environmental shift.

Global analysis of the gene sets, based on enrichment of regulatory inter-

actions with known TF associations [70], suggested that predictions for ade/Nac

and O2/MntR were correct; and the L-trp/Cra prediction was indeterminate. In

the ade/Nac case, the gene set was enriched with GcvA, Lrp, and PurR (p = 9.5e-

6, 1.6e-4, 1.8e-4, hypergeometric test) suggesting that Nac (Nitrogen assimilation

control) regulates similar genes during the shift or even regulates the correspond-

ing TFs. In the L-trp/Cra case, there were no enriched TFs suggesting no global

consensus. This discrepancy might be due to: 1) Cra knockout causing a large ge-

netic shift that might have changed how E. coli responds to L-trp, and 2) MinSpan
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is inaccurate for predicting global regulation. In the O2/MntR case, TFs known

to be associated with the anaerobic shift (including ArcA and Fnr) were enriched

as a whole (p = 3.6e-3, hypergeometric test).

Through differential expression and detection of high confidence binding

sequence motifs, we identified novel regulatory roles for all three tested TFs (Fig.

2.6). For the ade/Nac case, we identified potential regulation of genes involved

in purine metabolism, involved in nitrogen assimilation, and regulated by Lrp

(Fig. 2.6a). The transcription units (TUs) gcvTHP and gcvB are known to be

regulated by GcvA and PurR and are potentially regulated by Nac. Nac also

seems to regulate gcvB, which is a small regulatory RNA of Lrp [132]. Using

FIMO [133], we detected a significant Nac binding sequence motif for gcvB (-

173 bp of transcription start site (TSS), p = 1.73e-6). A significant increase in

gcvB suggests a repression of Lrp and genes typically repressed by Lrp should

have higher expression and genes activated by Lrp should have lower expression.

This trend was observed in all significantly changed expression of Lrp regulated

genes (Fig. 2.6a). We also identified novel regulation and high confidence binding

sequence motifs for nitrogen assimilation genes: nirB (-87 bp of TSS, p = 7.63e-5)

and nrdHIEF (-170 bp of TSS, p = 2.2e-5).

Though there was no global trend for the L-trp/Cra case, we did find that

Cra potentially regulates the L-trp symporter and tryptophanase (tnaCAB, Fig.

2.6b). Crp is a known regulator of this TU [134] but our data suggests that Cra

also plays a role, possibly by in-direct regulation through Crp [135].

Finally in the O2/MntR case, MntR potentially regulates four TUs highly

regulated during the anaerobic shift including the TF GadX (-120 bp of TSS, p =

2.6e-5) (Fig. 2.6c). GadX regulates pH-inducing genes and the GAD system that

play roles during fermentation [136]. MntR also potentially regulates a subunit

of pyruvate formate lyase (yfiD), NADH:ubiquinone oxidoreductase II (ndh), and

molybdenum biosynthesis (moaABC).

It is important to note that potential regulatory sites were only detected

during dual perturbation, suggesting that experiments to elucidate TRNs under

one environmental condition underestimate non-intuitive regulatory events. The
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additional potential binding sites nearly double the known potential binding sites

for Nac and MntR [123]. Dual perturbation predictions were more accurate for

local TFs (Nac/MntR) than global TFs (Cra), which is also consistent with the

correlation analysis. The analysis presented to predict TF-environment associa-

tions is only possible with MinSpan pathways, as opposed to pathway databases,

as MinSpan pathways directly link flux simulations from constraint-based models

to pathway biomolecular properties.

2.4 Discussion

High-throughput technologies have transformed biological data generation

and experimentation. However, a major remaining challenge is analysis and in-

terpretation of large datasets for achieving biological understanding [137, 138].

Though data analysis is steadily improving, the underlying interpretation is still

often relies upon historically determined, human-defined pathways [21]. In this

study, we introduce an unbiased genome-scale method to define pathways based

on whole network function and a principle of parsimonious use of cellular compo-

nents. We find that the MinSpan pathways are not only biologically relevant in

their ability to recapitulate independent datasets on biomolecular interactions, but

are surprisingly more accurate than traditional pathway databases such as KEGG,

EcoCyc, YeastCyc, and Gene Ontology. The results have three implications.

First, the results suggest that the traditional approach to defining metabolic

pathways is not complete and an unbiased alternative might be more representa-

tive of the underlying pathway structure. Traditional pathway enumeration focuses

predominantly on biochemical reactions. By incorporating a minimal criterion of

the number of reactions used, the MinSpan approach indirectly introduces the re-

quirements for biomolecular machinery usage into the pathway definition. There

are two fundamental features of MinSpan pathways that differentiate them from

traditional pathways. 1) MinSpan pathways account for all necessary components

to make a pathway fully functionally independent (e.g. they are network-based).

2) MinSpan pathways represent the simplest pathway structure in a given network
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context. The improved consistency of MinSpan with biomolecular interactions sug-

gests that the coordinated regulation and usage of biological components in the

cell have evolved to be minimal and independent in order to adapt to perturbation

with as little cost to the cell as possible. Biologically meaningful pathways may

be minimal, independent, and segregated. Future delineation of metabolic path-

ways, both network and human-defined, should take into consideration the cost of

biomolecular machinery and systemic functional requirements for metabolic func-

tion.

Second, the MinSpan pathways provide an alternative, complementary, and

potentially more powerful approach for investigators to analyze their generated

data. Current pathway databases are tremendously important in conceptualiz-

ing biological function and are used by numerous investigators for data analysis.

As MinSpan pathways are more biologically relevant in terms of the underlying

biomolecular interactions, the theory presented here for an unbiased pathway struc-

ture opens up the potential for a whole new suite of pathways to be used with tools

such as Gene Set Enrichment Analysis (GSEA) [139].

Third, MinSpan pathways can guide the difficult process of reconstructing

and determining TRNs. The best characterized TRN is that in E. coli. Though

the E. coli TRN is not complete, our approach of coupling metabolic models with

MinSpan pathways identifies novel associations between TFs and environmental

shifts, providing a rational method to design context-specific dual perturbation

experiments. We have experimentally validated three of the 84 novel predictions

allowing us to double the known potential regulatory sites for Nac and MntR. Our

analysis shows that experiments under varying environmental conditions are re-

quired to elucidate novel regulatory roles. The remaining 81 MinSpan predictions

provide a roadmap for future experimentation to help discover numerous new reg-

ulatory roles in E. coli and the overall method can applied to any of the over 100

other organisms with a genome-scale metabolic network.

There are also some limitations and areas for further research with regards

to the MinSpan algorithm. First, the MinSpan algorithm is dependent on the

quality of the genome-scale metabolic model utilized, in the same way the quality
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of pathway databases for particular organisms is dependent on the biochemical

knowledge available. The MinSpan pathways are more comprehensive in E. coli

than S. cerevisiae as iJO1366 is much more complete than iMM904. This difference

is a reflection of the biochemistry of E. coli being better studied than S. cerevisiae.

Second, just as there are multiple pathway databases for the same organism, there

are sometimes multiple metabolic network reconstructions for the same organism.

Further research is needed to assess the differences in the calculated MinSpan path-

ways for different metabolic models of the same organism. Third, human-defined

pathways are often defined in a universal, rather than organism-specific, manner.

This can be a strength, particularly for educational purposes as it provides a com-

mon “language” to describe the function of many organisms. However, universal

pathways can also be a weakness. Human-defined pathways focus on the topol-

ogy of gene products, while ignoring the organism-specific functional context of

metabolic pathways. For example, isotopomer metabolic flux profiling has shown

that metabolic functionality can often be quite different than the gene products

present [140]. To assess the conservation of MinSpan pathways, a preliminary

analysis comparing E. coli and S. cerevisiae MinSpan pathways is provided in the

Supplementary Material. However, further research with several reconstructions

of different organisms is needed to fully assess whether MinSpan pathways are

conserved across species.

2.5 Materials and Methods

2.5.1 MinSpan Formulation

The MinSpan algorithm determines the shortest, linearly-independent

pathways for a stoichiometric matrix (S) with dimensions m x n and a rank

of r. The input is a metabolic model (variables S, lb, ub) and outputs a

MinSpan pathway matrix (P). P is the sparsest null space of S that maintains

biological and thermodynamic constraints (lb and ub). Coleman and Pothen

defined the mathematical problem for the sparsest linear basis of the null space

as the “sparse null space basis problem” and then proved that a greedy algorithm
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must find the globally optimal sparsest null space (least number of non-zero

entries) [141]. More recently Gottlieb and Neylon showed that a similar problem,

“the matrix sparsification problem”, is equivalent to the “sparse null space

basis problem” [142]. We formulated “the matrix sparsification problem” as

a Mixed Integer Linear Programming (MILP) problem. The MILP is boxed

in the pseudo-code below. Simply put, the orthonormal null space (N) of S

is initially defined by singular value decomposition. Then, the vectors of the

orthonormal null space are iteratively replaced by the shortest pathways that span

the removed vector’s subspace. This process is continuously repeated until the

number of non-zero entries in P has converged to a minimum. Before running the

algorithm, all reactions that cannot carry a flux are removed, all exchanges are

opened, and the biomass function is removed. The algorithm is summarized below:

N = null(S)

P = N

while(true)

P0 = P

for j = 1:n-r

P′a,b =

{
Pa,b if b 6= j

0 if b = j

x = N · null(ΘT) where N ·Θ = P

min
∑
bi where b ∈ {0, 1}

S · v = 0

lbi ≤ vi ≤ ubi

− 1000bi ≤ vi ≤ 1000bi

xT · v 6= 0

P′a,b =

{
Pa,b if b 6= j

v if b = j

end

P = P′

if nnz(P) == nnz(P0), break, end

end
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The null() operator defines the orthonormal null space using singular value

decomposition. The nnz() operator determines the number of non-zero entries in

a matrix. Vectors are in bold and matrices are capitalized. P’ is similar to P, but

without the vector pj, and x is a vector that spans the space of pj and is linearly

independent from P’. This is proved by contradiction. If P’ and x are linearly

dependent then multiples of x and the vectors of P’ should linearly combine to

zero:

P′Λ + xλ = 0 where Λ, λ 6= 0

P′Λ = −N · null(ΘT)λ

N-1P′Λ = −null(ΘT)λ

ΘΛ = −null(ΘT)λ

ΘTΘΛ = −ΘTnull(ΘT)λ

ΘTΘ = 0

(2.1)

ΘTΘ is a positive semidefinite matrix by definition and cannot equal zero.

Thus P and x are linearly independent. The xT·v 6= 0 constraint ensures that

the calculated pathway spans the proper dimension of the null space. For a MILP

problem, the constraint is formulated as below, where ε is an arbitrarily small

value (set to 0.1, various other choices yield similar results) and f+ and f- are

binary variables required to formulate a “not-equal” constraint:

f+ + f− = 1 where f ∈ {0, 1}

xT · v − 1000(1− f+) ≥ εf+

−xT · v + 1000(1− f−) ≥ εf−

(2.2)

The termination criteria for the branch and bound method for each MILP

iteration is a relative gap tolerance of 1e-3 or time limit of 30 minutes. These

criteria were developed based on convergent properties of solutions as the two

parameters were varied. As the MinSpan algorithm is a MILP problem, there can
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exist alternative optimal solutions. The total number of non-zero entries in the

matrix is unique, but the pathways may not be. Rerunning the correlation analysis

to determine biological relevance with alternate MinSpan pathways for both E. coli

and S. cerevisiae yielded little changes to the results (see Supplementary Material).

MinSpan is available for COBRApy at (https://github.com/sbrg/minspan).

MaxSpan and RandSpan were generated similarly with slight modifications.

For MaxSpan, the optimization was switched to a maximization problem to make

the densest null space. For RandSpan, we assigned a random value from -0.5

to 0.5 to the optimization c vector to randomly minimize and maximize the use

of reactions while constructing each null space. For maximization, the following

constraints are added to link the binary and continuous variables:

vi − bi ≥ 1000(gi − 1)− (1000− ε)

vi + bi ≥ −1000gi − (1000− ε)
(2.3)

Where ε is an arbitrarily small value (set to 0.1, various other choices yield

similar results) and gi are dummy binary variables to allow an “OR” statement in

linear programming. If gi is either 1 or 0, one of the two above constraints is off.

2.5.2 Correlation Analysis

The metabolic reactions in MinSpan pathways were converted to gene and

protein sets based on the gene-protein-reaction associations. Pairwise Spearman

rank correlations of the co-occurrence or co-absence of genes and proteins across

the pathways were calculated. Correlations that were not significant (p ≥ 0.05,

permutation test) were filtered from further analysis. The total number of corre-

lations remaining after filtering is the Coverage criteria in the x-axes of Fig. 2.2.

The correlation coefficient was the varied discrimination threshold for generating

the receiver operating characteristics (ROC) curve. KEGG modules [81] and GO

Biological Processes ontology [109] were downloaded from their respective websites

on 01/27/2013 for comparison. EcoCyc [123] and YeastCyc [124] pathways were

downloaded on 02/12/2013. Only distinct pathways with two or more genes from



62

the metabolic networks were considered. The same correlation analysis was used

for the human curated pathways, MaxSpan, and RandSpan.

2.5.3 Comparing Pathway Databases

We calculated the connection specificity index (CSI) [125, 126] between

pathways based on their gene products across all pathway definitions (MinSpan,

KEGG, BioCyc, and Gene Ontology). The CSI is a metric that determines the

similarity between two vectors by ranking the Pearson correlation coefficient of the

two vectors based on the correlations of all other vectors versus the two vectors in

question. A CSI between pathways A and B is defined as:

CSIAB =
# pathways correlated with A and B that PCC < PCCAB - t

ny
(2.4)

where PCC is the correlation coefficient of gene products, PCCAB is the

correlation between A and B, t is an empirically derived threshold, and ny is the

total number of pathways. Further explanation of CSI and software tools for its

use are available [126]. The threshold for CSI was set based on the distribution

of correlations (E. coli - 0.0350, S. cerevisiae - 0.0562, see Supplementary Figures

S7). Pathways were considered similar if their CSI ranked in the top 15% of CSI

values.

We also employed a k-nearest neighbors search to find the most similar

pathways across the pathway databases. The Pearson correlation was used as the

distance metric. The closest hit that also had a high CSI value (top 15%) was used

as the nearest neighbor. If the pathway did not have a high CSI value, then the

pathway was deemed unique compared to the other databases.

MinSpan pathways contain many gene products related to the mass-

balancing of the network, such as transporters, that are active in nearly every

pathway. In order for a meaningful comparison between MinSpan and human-

defined databases, the genes in each MinSpan pathway were filtered to only the

representative genes of that pathway. To do so, we used a conservative filter to



63

remove genes that were in nearly every pathway (p > 0.85, hypergeometric, em-

pirically derived).

2.5.4 Determining Reaction Fluxes and Transcription Fac-

tor Activities

Monte Carlo sampling [127] was used to determine 10000 reaction flux dis-

tributions for the E. coli metabolic network for each of the 52 nutrient conditions.

For glucose minimal media conditions, exchange constraints were taken from [104].

For anaerobic conditions, rate of oxygen input was set to zero. For amino acid and

nucleotide simulations, rate of amino acid or nucleotide input was set to the min-

imum rate that would allow the biomass constituent, at the wild type growth

rate, to be generated solely from exogenous substrate. Six nutrient shifts were not

considered (L-alanine, L-asparagine, L-aspartate, L-glutamate, L-glutamine, and

uracil), as they are involved with type 3 loops (physiologically infeasible pathways

that are artifacts of pathway enumeration algorithms [115]). For alternate carbon,

nitrogen, phosphorus, and sulfur sources, the original input source from glucose

minimal media conditions was set to zero and an equal rate of atom flow was set

as the input. All nutrient conditions had the basal biomass flux rate set to 90%

of the optimal value. To compare different conditions, sampled fluxes within a

particular condition were normalized by median growth rate for comparison. The

specific lower bounds for exchanges used with the E. coli model are detailed in the

Supplementary Data. All upper bounds are set to 1000.

Assignment of TFs to MinSpan pathways was by hypergeometric enrich-

ment (p < 0.01) of the TF regulated genes as determined by RegulonDB [70].

Determination of whether or not a TF plays a role in an environmental shift was

determined by hypergeometric enrichment (p < 0.05) of the number of significantly

changed TF-associated pathways. TFs regulating only one metabolic reaction or

appearing in one pathway were removed due to a lack of statistical power.
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2.5.5 Growth conditions, RNA isolation, and RNA-seq

KEIO collection knock out strains were used [64]. Strains were grown to

mid exponential phase under conditions specified in Table S1. Spinner flasks were

used for aerobic culture and serum bottles for anaerobic cultures. One volume of

mid exponential sample was mixed with two volumes of RNA-Protect (Qiagen).

Cell pellets were lysed for 30 min at 37C using Readylyse Lysozyme (Epicentre),

SuperaseIn (Ambion), Proteinase K (Invitrogen) and SDS. Following cell lysis, to-

tal RNA was isolated using RNeasy columns (Qiagen) following vendor procedures

with on column DNAse treatment for 30 min at room temperature. Paired-end,

strand-specific RNAseq was performed using the dUTP method [143] with the

following modifications. rRNA was removed with Epicentre’s Ribo-Zero rRNA

Removal Kit. Subtracted RNA was fragmented for 3 min using Ambion’s RNA

Fragmentation Reagents. cDNA was generated using Invitrogen’s SuperScript III

First-Strand Synthesis protocol with random hexamer priming.

2.5.6 Transcript Quantification from RNA-seq reads

RNA-seq reads were aligned to the genome sequence of E. coli (RefSeq:

NC 000913) using Bowtie [144] with 2 mismatches allowed per read alignment. To

estimate transcript abundances, FPKM values were calculated using Cufflinks [145]

with appropriate parameters set for the strand-specific library type and upper-

quartile normalization. EcoCyc annotations were used for transcript quantifica-

tion. Differential expression analysis was done using cuffdiff with upper-quartile

normalization and appropriate parameters set for strand-specific library type. A

fold change of greater than 2 fold and a false discovery rate cutoff of 0.05 was used

to determine significant differential expression.

2.5.7 Analysis workflow for dual perturbations

Dual perturbation experiments consisted of four RNA-seq experiments: 1)

wild type (WT) on glucose minimal media, 2) WT + nutrient shift, 3) TF knock-

out (KO) on glucose minimal media, and 4) TF KO + nutrient shift. We de-
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fined differentially expressed gene sets between the four conditions as: E1 (WT vs

WT+nutrient), E2 (KO vs KO+nutrient), G1 (WT vs KO), and G2 (WT+nutrient

vs KO+nutrient). TF regulation of genes during nutrient shift was defined by the

union of the sets: {{E2∆E1}\G1} and G2\G1. The gene sets for the three exper-

iments are provided in the Supplementary Material. To globally determine predic-

tion accuracy, we used RegulonDB to determine whether a gene set was enriched

(p < 0.05, hypergeometric test, Bonferroni correction) in genes of a particular

transcription factor. A prediction was deemed correct if the enriched transcription

factors had known associations with the environmental shift.
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Chapter 3

Insight into human alveolar

macrophage and M. tuberculosis

interactions via metabolic

reconstructions

3.1 Abstract

Metabolic coupling of Mycobacterium tuberculosis to its host is foundational

to its pathogenesis. Computational genome-scale metabolic models have shown

utility in integrating -omic as well as physiologic data for systemic, mechanistic

analysis of metabolism. To date, integrative analysis of host-pathogen interactions

using in silico mass-balanced, genome-scale models has not been performed. We,

therefore, constructed a cell-specific alveolar macrophage model, iAB-AMØ-1410,

from the global human metabolic reconstruction, Recon 1. The model success-

fully predicted experimentally verified ATP and nitric oxide production rates in

macrophages. This model was then integrated with an M. tuberculosis H37Rv

model, iNJ661, to build an integrated host-pathogen genome-scale reconstruction,

iAB-AMØ-1410-Mt-661. The integrated host-pathogen network enables simula-

tion of the metabolic changes during infection. The resulting reaction activity and

66
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gene essentiality targets of the integrated model represent an altered infectious

state. High-throughput data from infected macrophages were mapped onto the

host-pathogen network and were able to describe three distinct pathological states.

Integrated host-pathogen reconstructions thus form a foundation upon which un-

derstanding the biology and pathophysiology of infections can be developed.

3.2 Introduction

Mycobacterium tuberculosis (M. tb) is a highly persistent pathogen that

primarily affects the third world. About one-third of the world’s population is in-

fected, with 9.27 million new cases and 1.76 million deaths in 2007 [146]. Further-

more, the development of multidrug-resistant tuberculosis and extensively drug-

resistant tuberculosis, which are infections that cannot be treated with first-line

and second-line drugs, respectively, continue to keep M. tb a concern in developed

countries.

A key aspect of M. tb’s pathogenicity is its ability to dramatically change its

metabolism in different states. After infecting an alveolar macrophage, M. tb shifts

into an infectious state, stopping biomass accumulation. M. tb also accumulates

mycolic and fatty acids on its cell wall in order to survive a very hostile phagosome

environment that is nutrient poor, hypoxic, nitrosative, and oxidative [147] The

mycolic and fatty acids are essential to M. tb’s resistance to drug therapies [148].

Under a latent state, the pathogen cannot be spread and the patient is not in

danger. However, latent tuberculosis can activate in the lungs (75% of cases) or

other parts of the body.

The lack of proper experimental M. tb models that provide a mechanistic

understanding of in vivo conditions hinders a better understanding of the infection

process [149]. It is not only difficult to work with M. tb because of its slow growth

rate, but most in vitro models are inaccurate simulations of in vivo conditions. In

vivo animal models better characterize the disease, but there is less control over

experimental conditions.

Genome-scale metabolic reconstructions are useful for increasing the under-
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standing of the genotype/phenotype relationship in organisms [150]. These net-

works are built in a bottom-up manner in which the nodes (metabolites) are con-

nected by links (biochemical transformations and reactions) as defined by genetic

and physiological data [151, 152]. There are now genome-scale reconstructions for

numerous prokaryotes [153, 63], including two such networks for M. tb [154, 155]

and eukaryotes [156, 157]. In addition, the global human metabolic network, Recon

1, has been reconstructed [79] containing all the annotated biochemical reactions

for human cells. Recon 1 has sparked interest in building specific networks for

different human tissues and cells.

As the number of genome-scale reconstructions increases, there has been

interest in building networks that characterize the metabolic interaction between

multiple organisms. In this study, we looked to increase the understanding of the

metabolic changes in both the host (alveolar macrophage) and the pathogen (M.

tb) during infection through the use of a host-pathogen genome-scale reconstruc-

tion. We did this by first building a manually curated cell-specific human network

for the alveolar macrophage. We then integrated the host model (HM) with the

pathogen model (PM) (iNJ661) to form the host-pathogen model (HPM). We used

established constraint-based analysis methods [158] and published gene expression

data for M. tb infections to further our understanding of macrophage and M. tb

metabolic functions.

3.3 Results

Interrogation of the interactions between an HM and PM required complet-

ing four steps: (1) construction of the alveolar macrophage HM, (2) adaptation

of the M. tb PM, (3) integration of the two into an HPM, and (4) analysis of the

resulting HPM in different contexts. These analyses led to three general observa-

tions,

1. Integration of the PM into the HM both reduced the size and altered the

solution space of both models. The changes in the PM were primarily because

of the interfacial constraints set on the network.
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2. Analysis of the PM portion of the HPM improved gene essentiality predic-

tions.

3. The HPM enabled analysis of complex data sets from complex experimental

conditions and was able to highlight differences in metabolism through the

comparison of the three infectious states.

3.3.1 Constructing the HM: human alveolar macrophage,

iAB-AMØ-1410

Reconstruction of the global alveolar macrophage network was a time inten-

sive two-step process beginning with algorithmic tailoring of Recon 1 followed by a

set of manual curation steps (Fig. 3.1). Using gene expression data from inactive

macrophages, maximum enzyme fluxes, and exchange data for the macrophage (see

Supplementary information), two preliminary models were built using two differ-

ent previously published algorithms [28, 27]. These algorithms produced context-

specific, not global, models that were the best fit of reaction flux and pathway

length to the gene expression and exchange data. All other inactive and dead-

end reactions were removed by these algorithms. Unfortunately, macrophages are

known to have varied gene expression states, such as during infection and inflam-

mation; therefore, the algorithms do not take into account other potential states.

In fact, both algorithms failed to include nitric oxide synthase, which is critical

for nitric oxide production. This is due to the initial gene expression data used

for inactive alveolar macrophages. Hence, a global, consensus model was con-

structed through manual curation and reconciliation of the two models. Manual

curation was conducted using primary literature, enzyme, and immunohistological

databases, and network structure and requirements. The global model included all

inactive and dead-end reactions to provide opportunities for further research with

different exchange constraints and to allow for future gap filling, respectively. The

resulting HM was named iAB-AMØ-1410 for i (in silico), AB (the primary author’s

initials), AMØ(alveolar macrophage), 1410 (number of open reading frames).
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Figure 3.1: Workflow of building the cell-specific model iAB-AMØ-1410.
Gene expression data for alveolar macrophages and macrophage specific exchanges
were fed into two model building algorithms (GIMME and Shlomi-NBT-08) to
build two preliminary context-specific alveolar macrophage networks. Using en-
zyme databases (BRENDA and HPRD), immunohistological staining databases
(Human Protein Atlas), transporter databases (HMTD), primary literature (see
Supplementary information), and network features, the preliminary models were
reconciled and manually curated into the final iAB-AMØ-1410.
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3.3.2 Characterizing the HM, iAB-AMØ-1410

The iAB-AMØ-1410 model has many of the capabilities of Recon 1 because

of its high number of reactions (intracellular: 3012) and active genes (1410) (Fig.

3.2a). In addition, the HM maintains a high reaction count from all major sub-

systems (Fig. 3.2b). Macrophages are known to be highly metabolically active

as well as have many different metabolic states because of varied patterns of gene

expression [159]. A biomass maintenance function was formulated (see Materi-

als and Methods) and used to constrain the HM. The metabolic components of

the biomass maintenance function are detailed in the Supplementary information.

As macrophages do not readily multiply, the biomass maintenance function used

here represents cellular maintenance requirements, such as lipid, protein, mRNA

turnover, DNA repair, and ATP maintenance.

A series of tests were used to validate the macrophage model. We first

tested ATP production of the macrophage model. We optimized the HM for ATP

production yielding a flux of 0.6843 mmol/h/g cell DW (Fig. 3.4c). In vitro

experiments with macrophages yielded an ATP generation rate of 0.7121 mmol/h/g

cell DW [160]. This puts the HM at a production accuracy of 96.1%. Second, we

simulated nitric oxide production, which is another important metabolic capacity

of macrophages. Maximum nitric oxide production in silico was 0.0359 mmol/h/g

cell DW, which is 1.7% lower than the maximum in vitro rate of 0.0365 mmol/h/g

cell DW [161]. The macrophage is also highly anaerobic in its growth despite

its uptake of oxygen [160]. Macrophages have high production rates of lactate

[162] because of high glucose oxidation very similar to the Warburg effect [163].

Consistent with this phenotype, the HM predicts a high glucose oxidation rate and

produces 0.3093 mmol/h/g cell DW of lactate.
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Figure 3.2: Comparison of reactions and network capabilities of iAB-
AMØ-1410 and the global human network (Recon 1). (A) The overall
gene and reaction counts of Recon 1 and iAB- AMØ-1410 are provided. The ma-
jority of genes and reactions are preserved. (B) Most reactions were included in the
final macrophage network. The largest reductions in number of reactions by sub-
system were in amino-acid, lipid, and polysaccharide metabolism. Carbohydrate
and central metabolism were well preserved as expected. (C) In stark contrast to
the number of reactions included, the network capabilities of iAB-AMØ-1410 are
much reduced as compared with Recon 1. Large reductions of metabolic functions
occurred in polysaccharide, cofactor, amino-acid, and nucleotide metabolism. This
is due in part to removing key reactions from Recon 1, but more importantly to
the exchange constraints of the model.
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Recon 1 was characterized and validated by showing its potential in accom-

plishing 288 metabolic functions with the proper exchange constraints. A similar

assessment of the HM was performed using the same 288 metabolic functions of

Recon 1 (see Supplementary information). Unlike the reaction count (Fig. 3.2b),

the HM does not preserve the comprehensive metabolic functions of Recon 1 (Fig.

3.2c), as would be expected. Important metabolic functions dealing with carbo-

hydrate and central metabolism are well preserved. However, several peripheral

metabolic functions such as amino-acid, lipid, cofactor, and nucleotide metabolism

were not preserved. There are two reasons for this. First, removing a few reactions

from Recon 1 to build the HM does not significantly affect the reaction count, but

it can have significant effects on functional pathways. Second, the 288 metabolic

functions were originally characterized in Recon 1 using open exchange constraints.

In this study, we ran all simulations using the macrophage exchange constraints,

which can have substantive effects on output. For example, most metabolic func-

tions in the miscellaneous category dealt with growth under different substrates.

As there was no literature support for the macrophage to import some of these

metabolites, the simulations were deemed as failures.

3.3.3 Infection in silico, the HPM: iAB-AMØ-1410-Mt-661

The alveolar macrophage network, iAB-AMØ-1410, was integrated with the

M. tb network, iNJ661. The integration involved three steps: mathematical inte-

gration, setting interfacial constraints, and revision of the objective function (Fig.

3.3). Integration had a few preparatory steps. We renamed reactions and metabo-

lites for proper compartmentalization, added transporter reactions that linked the

alveolar macrophage cytosol with a new phagosome compartment, and modified

iNJ661 to uptake metabolites from the phagosome rather than the extracellular

compartment. M. tb blocks certain signaling pathways to hinder maturation of the

phagosome into the phagolysosome [164]. Without the formation of the phagolyso-

some, M. tb is able to survive within the phagosome. After these preparatory steps,

the two stoichiometric matrices were mathematically combined. In doing so, we

created a modularized network with M. tb residing in the macrophage phagosome,
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using resources from its host (Fig. 3.4a). The final model was named iAB-AMØ-

1410-Mt-661, which added the first letter of the genus and species name (Mt) of

the pathogen and 661 for the number of open reading frames.
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Figure 3.3: Workflow of building the host-pathogen model, iAB-AMØ-
1410-Mt-661. Integration involved combining the two stoichiometric matrices, re-
compartmentalizing the metabolites and reactions, and creating a relevant phago-
some environment through transport and sink reactions. In order to characterize
the model under in vivo conditions, the biomass objective function was revised.
Using gene expression data from infectious states in vitro and in vivo, the objec-
tive function was iteratively modified to match gene expression tests completed
by sampling the solution space. The new objective function better represents the
metabolic activity of the pathogen under in vivo conditions.
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Upon integration, it was readily apparent that a proper infectious state

could not be simulated unless interfacial constraints were set between the HM and

PM, as the PM would take up any metabolite from the HM. Thus, we set interfacial

exchange constraints based on literature. In the phagosome, M. tb is under hypoxic

conditions [165] and oxidative stress from metabolites such as nitric oxide [147]. In

addition, glucose is depleted and the pathogen is dependent on glycerol and fatty

acids [166, 147] as a carbon source. Interestingly, the PM would not grow in silico

unless there was a minimal oxygen uptake, consistent with functional hypoxia as

opposed to anoxia. M. tb biomass production was compared with M. tb oxygen

uptake showing a linear dependence on oxygen until an uptake of 0.129 mmol/h/g

cell DW was reached, in which additional oxygen did not increase the biomass

value. The uptake represented 13.2% of the in vitro uptake rate [155], which was

used for simulations. The oxygen M. tb biomass curve is consistent with existing

knowledge that reduced oxygen is associated with slowed M. tb growth and disease

progression [167]. In addition, in vitro studies lowering partial pressure of oxygen

below 1% of normal conditions have shown to fully halt M. tb replication [168].

A detailed listing of the exchange constraints of in vitro (iNJ661) and in vivo

(iAB-AMØ-1410-Mt-661) networks for M. tb is provided in the Supplementary

information.

The third integration step involved revision of the iNJ661 objective function

(biomass) to better represent an acute infection. The original biomass function for

the PM was formulated to represent rapid growth in mid-log phase. In mid-log

phase, the pathogen tries to accumulate biomass by dividing rapidly. However,

under in vivo conditions, the pathogen survives in the phagosome’s harsh environ-

ment, resulting in an altered metabolic state. In order to build a new objective

function, we used M. tb gene expression data derived from in vivo mouse model

studies [169, 170] as well as infection simulated in vitro studies [171, 172, 173].

Though the in vivo expression profiling studies came from mouse and in vitro sim-

ulated models, the studies represent the best available transcriptional profiling of

M. tb during an infectious state. There have been some noted differences, especially

in nitric oxide production mechanisms between murine and human macrophages
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[174], but the human alveolar macrophage is able to produce nitric oxide in a

similar manner to murine macrophages [175].

The biomass reaction is a demand function that pulls resources from the

metabolic model. Each metabolite in the biomass affects reaction activity and

hence, the final solution space. We hypothesized that by using the known dif-

ferential reaction activity determined by differentially expressed genes, an altered

infection-specific solution space could be defined by tailoring the PM’s biomass ob-

jective function. Using randomized sampling, we characterized the solution space

for each metabolic component in the biomass function, individually. Using linear

regression in an iterative manner, we added and removed metabolic components of

the biomass objective function to develop a new objective function (Table 3.1) with

a solution space that best fit the gene expression data. Particularly, we removed

phenolic glycolipids from the M. tb infection objective function. These computa-

tionally driven revisions were confirmed with established experimental data that

showed that M. tb H37Rv clinical strains lack biosynthesis of phenolic glycolipids

[176].
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Table 3.1: Modifications of the original iNJ661 biomass objective function to
produce the final infectious state Mycobacterium tuberculosis objective function

Original Increased Reduced Removed
RNA Amino Acids ATP maintenance Peptidoglycans

Mycobactin DNA Phenolic glycolipids
Mycocerosates Fatty Acids
Mycolic Acids Phospholipids
Sugars
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3.3.4 Characterizing the metabolism of the HPM

The macrophage component of the integrated HPM is similar to iAB-AMØ-

1410, with an M. tb component, which is starkly different from iNJ661. The in-

tegration radically affected the major objective function fluxes of the macrophage

and M. tb components (Fig. 3.4c). The maximum macrophage biomass was slightly

reduced (˜12%), while maximum ATP, nitric oxide, and NADH production were

significantly reduced (˜75, ˜55, and ˜70%, respectively). Such a large reduction in

ATP, nitric oxide, and NADH production points toward a weakened or compro-

mised alveolar macrophage. The M. tb biomass function was also greatly reduced.

We then compared the size of the macrophage solution space in the HM and the

HPM (Fig. 3.4c). There was a significant reduction in the size of the solution space

(51% reduction of the mean reaction flux span). By adding the M. tb model to

the alveolar macrophage reconstruction, we were able to substantially decrease the

solution space without adding any additional constraints on the internal reactions

of the macrophage portion of the network. Only two reactions had a larger flux

span: the exchanges of sulfate and phosphate. The reactions with the largest flux

span reduction (>70%) dealt with fatty acid, lipid, and proteoglycan metabolism

as well as transport reactions. The M. tb network tightened the flexibility of these

reactions because of its need for fatty acids and glycerol.
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Figure 3.4: Schematic of the integration and results of the alveolar
macrophage (iAB-AMØ-1410) and Mycobacterium tuberculosis (iNJ661) re-
constructions. (A) Metabolic links between the extracellular space (e), alveolar
macrophage (am), phagosome (ph), and Mycobacterium tuberculosis (mt) in iAB-
AMØ-1410-Mt-661. The model is compartmentalized using the abbreviations as
shown. The major carbon sources of the alveolar macrophage are glucose and
glutamine. The macrophage is also aerobic and requires the essential amino acids.
Albeit its use of oxygen, the macrophage exhibits anaerobic respiration and pro-
duces much lactate. The major carbon sources available for M. tb in the phago-
some environment are glycerol and fatty acids. The phagosome environment is also
functionally hypoxic. (B) The flux span of iAB-AMØ-1410-Mt-661 is significantly
reduced (51%) compared with iAB-AMØ-1410. This shows a stricter definition of
the alveolar macrophage solution space without adding additional constraints on
the alveolar macrophage portion of the network. (C) Reaction, metabolite, and
gene properties of the three reconstructions. Maximum production rates of ATP,
nitric oxide, redox potential (NADH), and biomass are shown.
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3.3.5 Changes in reaction activity of iAB-AMØ-1410-Mt-

661

Using randomized sampling, we identified the distribution of all feasible

steady states for each reaction in iAB-AMØ-1410, iNJ661, and iAB-AMØ-1410-

Mt-661. Statistically significant up- and down-regulated reactions in the integrated

HPM were identified after in silico phagocytosis of M. tb. The majority of differ-

ences are seen in the M. tb portion of the integrated model, which was expected

because of the changes in exchange constraints and revised objective function.

However, there are also some differences in the alveolar macrophage portion of the

network.

The changes in flux states of the M. tb portion of the HPM show a shift

in carbon uptake and overall usage. There are major shifts in flux states in cen-

tral metabolism. Glycolysis is suppressed (Fig. 3.5, ENO) with the production

of acetyl-CoA coming from fatty acids through the glyoxylate shunt (Fig. 3.5,

ICL). In addition, glucose is generated from gluconeogenesis (Fig. 3.5, FBP).

Beyond central metabolism, there are several changes. For example, there is an

up-regulation of fatty acid oxidation pathways, as fatty acids become a major

carbon source. In addition, there is a shift toward mycobactin and mycolic acid

synthesis. Production of nucleotides, peptidoglycans, and phenolic glycolipids is

also reduced. Thus, the model more accurately described an infectious state for M.

tb. Overall, 75 reactions were up-regulated, while 128 reactions were suppressed.

A full listing of reactions, associated genes, and their flux states are provided in

the Supplementary information.
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Figure 3.5: Topological map of the metabolites and reactions in the cen-
tral metabolism of M. tb. The map shows predicted change of expression states
when comparing in vivo (iAB-AMØ-1410-Mt-661) and in vitro (iNJ661) conditions.
The expression states were determined from the change in the solution space by
randomized sampling. Reactions that were up-regulated in iAB-AMØ-1410-Mt-661
are labeled in green, while down-regulated reactions are labeled in red. Pathways
pertaining to glyoxylate metabolism were up-regulated while glycolysis is down-
regulated. The sampling results of three key reactions of central metabolism are
shown. Isocitrate lyase (ICL) and fructose bisphosphatase (FBP) are up-regulated
in iAB-AMØ-1410-Mt-661, while enolase (ENO) is down-regulated. It is impor-
tant to note that the results are absolute values of the normalized values. The flux
state of enolase in iAB-AMØ-1410-Mt-661 is negative suggesting gluconeogenesis.
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There are fewer changes in the alveolar macrophage portion of the inte-

grated model. Only 8 reactions were up-regulated and 46 reactions were down-

regulated. There is a higher reliance on glycolysis as reported by a much greater

activity through phosphoglycerate mutase and enolase. In addition, reactions in

the pathways for nitric oxide production are up-regulated. However, the major-

ity of the changes were down-regulations of ATP production, nucleotide synthesis,

and amino-acid metabolism. The changes in flux states of the alveolar macrophage

during infection point toward a suppressed metabolic state that has a high reliance

on glucose oxidation.

3.3.6 Gene Essentiality Predictions

Interestingly, by modeling the host and pathogen together, we were able to

increase the accuracy of gene deletion tests. Single gene essentiality predictions

were completed for the M. tb portion of the HPM and compared with the results

from iNJ661. Model predictions were improved for essential as well as non-essential

genes when compared with experimental data. In total, the PM predicts 188 es-

sential metabolic genes, while the HPM predicts 162. Predictions from the two

networks overlap with 153 similarly predictedd genes (see Supplementary infor-

mation). The non-overlapping predictions are shown in (Table. 3.2) and (Table.

3.3).
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Table 3.2: Genes predicted to be essential in iAB-AMØ-1410-Mt-661.
aDenotes genes that were shown to be essential in other experimental publications.

ID Gene Function/Reaction TraSH Support
Rv0252 nirB Nitrite reductase No
Rv0253 nirD Nitrite reductase -
Rv0363c fba Fructose-bisphosphate aldolase -
Rv0946c pgi Glucose-6-phosphate isomerase -
Rv1099c Fructose-bisphosphatase Yes
Rv1161 narG Nitrate reductase Noa

Rv1162 narH Nitrate reductase Noa

Rv1163 narJ Nitrate reductase Noa

Rv1164 narI Nitrate reductase Noa

Rv1475c acn Aconitase -
Rv2391 sirA Sulfite reductase Yes
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Table 3.3: Genes predicted to be unessential in iAB-AMØ-1410-Mt-661.

ID Gene Function/Reaction TraSH Support
Rv0334 rmlA Nucleotidyl transferase
Rv0482 murB Aminosugars metabolism Yes
Rv1011 ispE Terpenoid biosynthesis
Rv1018c glmU Nucleotidyl transferase Yes
Rv1086 - Geranyltranstransferase Yes
Rv1302 rfe Peptidoglycan metabolism Yes
Rv1315 murA UDP-N-acetylglucosamine 1-

carboxyvinyltransferase
Rv1338 murI Glutamate racemase No
Rv1512 epiA Nucleotide-sugar epimerase
Rv2136c - (Un)decaprenyl-diphosphatase Yes
Rv2152c murC UDP-N-acetylmuramate-alanine

ligase
Rv2153c murG N-acetylglucosamine transferase
Rv2155c murD UDP-N-acetylmuramoylalanine-

d-glutamate ligase
Rv2156c murX Phospho-N-acetylmuramoyl-

pentappeptidetransferase
Rv2157c murF UDP-N-acetylmuramoyl-

tripeptide-d-alanyl-d-alanine
ligase

Rv2158c murE UDP-N-acetylmuramoylalanyl-d-
glutamate-2,6-diaminopimelat E
ligase

Rv2163c pbpB Peptidoglycan subunit synthesis
Rv2870c dxr 1-deoxy-d-xylulose 5-phosphate

reductoisomerase
Yes
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Table 3.3: Genes predicted to be unessential in iAB-AMØ-1410-Mt-661,
Continued.

ID Gene Function/Reaction TraSH Support
Rv2957 - Glycosyltransferase Yes
Rv2958c - Glycosyltransferase Yes
Rv2962c - Glycosyltransferase Yes
Rv2981c ddlA d-alanine-d-alanine ligase No
Rv3265c wbbL1 Rhamnosyltransferase Yes
Rv3266c rmlD dTDP-6-deoxy-l-lyxo-4-hexulose

reductase
Yes

Rv3398c idsA1 Dimethylallyltranstransferase
Rv3423c alr Alanine racemase
Rv3436c glmS Glutamine-fructose-6-phosphate

transaminase
Rv3465 rmlC dTDP-4-dehydrorhamnose 3,5-

epimerase
Rv3581c ispF 2-C-methyl-d-erythritol 2,4-

cyclodiphosphate synthase
Rv3582c ispD 2-C-methyl-d-erythritol 4-

phosphate cytidylyltransferase
Rv3792 - Arabinofuranosyl transferase
Rv3793 embC Arabinofuranosyl extension
Rv3794 embA Arabinofuranosyl extension No
Rv3795 embB Arabinofuranosyl extension
Rv3808c glfT Galactofuranose transferase
Rv3809c glf UDP-galactopyranose mutase Yes
Rv3818 - UDP-MurNAc hydroxylase
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The changes in gene essentiality were compared with published in vivo

experimental data [177]. Using Transposon Site Hybridization (TraSH), Sassetti

and Rubin identified M. tb genes that are essential for survival in a mouse lung

model. A total of 374 of 2972 M. tb genes assessed using TraSH overlap with the

metabolic models used here. For the nine genes that were predicted as essential

solely in the HPM, two are supported by the TraSH data, while five contradict

it. Four of the contradictions are components of nitrate reductase (narGHIJ).

Though the TraSH data does not support it, [178] has shown that nitrate reduction

enhances M. tb survival under sudden stresses of hypoxia and nitric oxide, which M.

tb is under during the infectious state. In addition, our gene essentiality results are

further validated by in vitro M. tb tests [179] of the essentiality of sulfite reduction

(sirA).

Thirty-five genes are predicted to be essential in the PM, but non-essential

in the HPM. Of the 35 genes, 12 are also non-essential in TraSH. Only two genes

(murI, embA) conflict with the TraSH data. The majority of the genes deal with

peptidoglycan metabolism and membrane metabolism. Such a change from in vitro

conditions shows a shift from division and production of biomass to a more specific

infectious state dealing with a harsh phagosome environment. Hence, genes that

deal with membrane and cell wall components are less likely to affect the survival

of M. tb in vivo.

The changes in our new objective function (Table. 3.1) deduced by gene

expression data is key for the non-essential predictions. The 35 genes are pre-

dicted as non-essential only in the HPM with the revised objective function for

M. tb. Removal of peptidoglycan and phenolic glycolipid components of the ob-

jective function increased prediction accuracy with the HPM as evidenced with

better correspondence with in vivo data (TraSH), which also further supported

the condition-specific objective function reformulation.

3.3.7 Host-pathogen interactions in different infectious

states

M. tb is an insidious pathogen and can remain latent for many years before
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actively infecting a host. Furthermore, its clinical presentation can be extremely

varying and it can infect every organ system. Antibiotic treatment regimens are

often tailored for different types of tissue infections, based on their ability to pen-

etrate different tissues. In an analogous manner, infections in different tissues

may involve activation of different metabolic pathways in the host and pathogen.

Hence, depending on the nature of the infection and the type of tissue affected,

different treatment regiments may be appropriate. We sought to determine the

activity of metabolic pathways in both the macrophage and M. tb in order to bet-

ter understand M. tb infections and predict potential drug targets. In this study,

we analyzed differences between active infections in two different tissues as well as

latent tuberculosis.

An important application of genome-scale metabolic network reconstruc-

tions is to provide a biologically meaningful context for the analysis of large data

sets, that is a “context for content” [150]. High-throughput data such as gene ex-

pression profiles can be mapped to the reconstructions and subsequently analyzed

to evaluate functional consequences of changes in expressions levels of genes. We

mapped expression data [180] of macrophages from different M. tb infectious states

(latent, pulmonary, meningeal) onto the HPM (iAB-AMØ-1410-Mt-661) and built

three infection-specific models: iAB-AMØ-1410-Mt-661L (HPM-L), iAB-AMØ-

1410-Mt-661P (HPM-P), and iAB-AMØ-1410-Mt-661M (HPM-M), which can then

be compared based on the differentially active and inactive reactions in the three

states in both the macrophage and M. tb determined by flux variability analysis

(Fig. 3.6). A full detailing of the approach is provided in Materials and methods.
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Figure 3.6: Reaction comparison of the three infection-specific models
of iAB-AMØ-1410-Mt-661 for latent, pulmonary, and meningeal tuber-
culosis. (A) We used macrophage gene expression data from three types of M. tb
infections to build context-specific models of iAB-AMØ-1410-Mt-661 for latent (L),
pulmonary (P), and meningeal (M) tuberculosis. The models had significant differ-
ences in reactions for the macrophage and surprisingly M. tb. (B) There were many
reactions with disparate activity between the three infections. We determined the
subsystems of the reactions with differential activity. (C) The total number of
disparate reactions was calculated. The left-most panel shows the macrophage re-
actions shown to be active in each state as calculated from the expression profile.
This data was then used with the GIMME algorithm to build three flux-balance
models using iAB-AMØ-1410-Mt-661. The middle diagram shows the active M.
tb reactions in each model. The right-most diagram shows the active macrophage
reactions in each model.
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The majority of differences in active reactions were found in the macrophage

(Fig. 3.6b and Fig. 3.6c). This is expected because of the expression profile data

coming from the macrophage. We saw two main discrepancies in active macrophage

reactions between the three different types of infections. First, hyaluronan syn-

thesis and exchange was active only in the HPM-P. This suggests that hyaluronan

is produced and secreted into the extracellular space. Hyaluronan is important

for cell proliferation, especially for progression of some malignant tumors [181]. It

seems that hyaluronan could have an important function as a carbon source for

pulmonary M. tb. In fact, it has been shown that hyaluronan synthase is active

and important for extracellular replication of M. tb [182]. As hyaluronan synthase

is not critical for macrophage survival, inhibiting hyaluronan synthase (has123)

could be a potential method for stopping activation of M. tb from a latent to

active pulmonary state.

Second, we saw activation of vitamin D and folate metabolism in the active

infectious states (HPM-P and HPM-M). Vitamin D injections were once used as a

pre-antibiotic era treatment for tuberculosis [183]. It is proposed that vitamin D

is crucial for increasing nitric oxide production in the macrophage. In the active

infectious states, the macrophage is readily fighting the infection and hence has

active vitamin D metabolism. Folate is important as an enzyme cofactor for DNA

synthesis and repair. It has been shown to be up-regulated during activation of

macrophages for arthrosclerosis [184]. The HPM-P and HPM-M predict that this

also occurs for active M. tb infection.

Finally, we saw fewer but interesting changes in reaction activity of the

M. tb portion of the three context-specific HPMs (Fig. 3.6b and Fig. 3.6c).

Polyprenyl metabolism was only active in the HPM-L and de novo synthesis

of nicotinamide cofactors was active in latent and meningeal M. tb infections.

Polyprenyl metabolism is important for the cell wall and it makes sense that it is

active in the latent state when M. tb builds up its cell wall. Both of these pathways

have been mentioned as potential drug targets for tuberculosis [185, 186]. The lack

of activity of the polyprenyl and nicotinamide pathways in the HPM-P and the

polyprenyl pathway in the HPM-M suggests that such drug targets would not be as
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effective in eradicating the pathogen in a pulmonary or meningeal infection. How-

ever, the activity of these two pathways in the HPM-L suggests that such drug

targets could be potentially viable for latent infections. Using high-throughput

data from only one organism in the host-pathogen network, we were able to infer

resulting changes in the other organism through simulations. This is critical for

host-pathogen interactions in which high-throughput data cannot be properly at-

tained for one of the organisms. A listing of all the reactions in each of the three

infection-specific models is provided in the Supplementary information.

3.4 Discussion

There has been growing interest in genome-scale metabolic reconstructions

and constraint-based analysis over the past 10 years. Development of a global

human metabolic reconstruction, Recon 1, as well as reconstructions of multiple

human pathogens enabled us to simulate how metabolism in the host and pathogen

changes as a result of infection.

In order to carry out this study, a manually curated human alveolar

macrophage model of cellular metabolism, iAB-AMØ-1410, was created using Re-

con 1. Purely algorithmic approaches were inadequate to achieve a physiologically

relevant model, hence extensive manual curation was used. Flux predictions for

ATP and NO production for the macrophage were within 5-10% of experimental

measurements. In addition, the in silico model exhibited high glucose oxidation

and lactate production, also seen experimentally.

The HM was then integrated with an M. tb reconstruction, resulting in an

HPM. We compared the two reconstructions to different experimental data sets

for macrophages and M. tb to validate our models. Interestingly, integration of

the pathogen with the host immediately shrunk the solution space without the

imposition of additional internal constraints. As the objective function of M. tb in

the infectious state is necessarily different than the biomass growth function, gene

expression data was used to help define the metabolic objectives in the infectious

state. These predictions were validated through comparison with in vivo gene



94

essentiality studies (TraSH).

Among the observations of the HPM, it was noted that there was a higher

reliance on glycerol and fatty acids in a hypoxic environment that relied on gluco-

neogenesis to produce sugars. The integrated model was reliant on the glyoxylate

shunt. In addition, nucleotide synthesis was suppressed with increased mycolic

acid synthesis. As with in vitro simulations, blocking nitrogen and sulfur reduc-

tion pathways were shown to significantly affect survival rates of the pathogen.

Analysis of the HPM model also showed improved gene essentiality predictions

compared with the PM alone.

We used gene expression data to specify the context for analysis of three

different types of M. tb infection: latent, pulmonary, and meningeal. There were

key differences in both the metabolism of the macrophage and M. tb in the differ-

ent infection types. iAB-AMØ-1410-Mt-661 predicted hyaluronan synthase in the

macrophage to be a potential drug target for inhibiting pulmonary M. tb infection.

In addition, we showed that mapping high-throughput data on one reconstruc-

tion of a host-pathogen network can elucidate physiologically relevant differences

on the other reconstruction in the network. Polyprenyl metabolism and certain

nicotinamide pathways were shown to be only active in latent and meningeal infec-

tions. Drug targets for these pathways have been discussed previously and should

be only looked into for latent M. tb infections. A recent growing amount of evi-

dence has shown M. tb to actively metabolize cholesterol [187, 188]. Interestingly,

some reactions involved in cholesterol metabolism were highlighted by the model.

As these pathways have not yet been fully characterized and were not in the cur-

rent PM, the significance and interpretation of these findings were not clear at this

point, but point to an area worth expanding the scope of the model and directing

further future investigation.

Metabolic network reconstructions have many different uses and can be

viewed as platforms for data interpretation, analysis, and prediction. Metabolism

is being increasingly recognized as important in the role of pathogenicity [189].

Thus, metabolic HPMs are essential for detailing the molecular interaction between

human cells and pathogens because of the importance of metabolic changes in both
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the human host cell and the pathogen. Host-pathogen reconstructions have several

applications including providing a context for content analysis, biological discovery,

and predictive power. Such reconstructions can serve as scaffolds for mapping high-

throughput data onto the host or pathogen and then determining the changes in

the other organism. In addition, discrepancies in experimental data and in silico

predictions can help elucidate unknown interfacial interactions between the host

and pathogen. For example, we showed that some oxygen uptake was necessary for

M. tb infection, consistent with functional hypoxia, as opposed to strictly anaerobic

versus aerobic conditional dependence. Finally, host-pathogen reconstructions take

a step toward being a more biologically faithful platform for predicting potential

drug targets as the network better represents in vivo conditions. For example,

the models can be used to serve as platforms for understanding the host-pathogen

interactions through dual perturbation experiments in silico [190] for screening

responses to different drugs simultaneously with different growth conditions, which

could then be complemented with in vitro or even ex vivo experiments.

There are numerous opportunities for improvement and discovery in HPMs.

The host and pathogen integration was performed in a modularized manner, thus

allowing for replacement of the M. tb component with other bacterial pathogens

that infect macrophages such as Salmonella typhimurium [191] or viral pathogens

such as the human immunodeficiency virus. In addition, future revisions of the

M. tb reconstruction that further expand the scope of the metabolic processes in-

cluded in the current model, transcription/translation machinery, and/or Toll-like

receptors [9] can be fitted within this framework. Another interesting applica-

tion of the integration framework involves building bacterial community networks

that show the interaction between more than two organisms in different environ-

ments, such as the gut. We hope that this successful demonstration of the integra-

tion of two genome-scale models will spur future computational explorations into

multi-organism models to complement experiments and drive forward mechanistic

understanding as well as generate new hypotheses.
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3.5 Materials and methods

3.5.1 Construction of iAB-AMØ-1410

The reconstruction is derived from the global human metabolic network,

Recon 1. Recon 1 consists of 1496 ORFs accounting for 3012 intracellular reac-

tions and 2583 metabolites (Fig. 3.2a). Recon 1 was used as described in [79],

with a few revisions. The originally described Complex IV reaction was replaced

with three reactions. This was performed to ensure that the reaction was charge

balanced, at the cost of decoupling superoxide production from the cytochrome c

oxidase reaction (i.e. any coupling would have to be fixed by the modeler adjust-

ing the relative constraints on the equations). In addition, the trans-mitochondrial

phosphate transporter was re-written in the electroneutral form. The reaction for-

mulas are explicitly shown in the Supplementary information.

An overview of the model building process is shown in Fig. 3.1. Cell-specific

gene expression data for healthy, inactivated alveolar macrophage was obtained

from Gene Expression Omnibus. The specific gene expression study [192] had

a healthy patient sample size of n = 11. Presence/absence calls were made for

the gene expression data using the PANP software package in the R computing

platform. The PANP algorithm used signal intensities to determine the presence

of transcripts. Exchange constraints as well as upper bounds for fluxes of ma-

jor pathways of central metabolism were set from literature [193, 160, 194, 195].

The expression data was then mapped to the reactions and using two separate

algorithms, GIMME [28] and Shlomi-NBT-08 [27], we built two preliminary cell-

specific models. The two preliminary models were reconciled with primary liter-

ature databases (BRENDA [196] and HPRD [197]), immunohistological staining

data (Human Protein Atlas [198]), transporter databases (HMTD [199]), primary

literature (see Supplementary information), and network stoichiometry to build a

final, fully curated reconstruction.
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3.5.2 Biomass Composition

The biomass was formulated similar to the methods described in previ-

ous eukaryotic reconstructions of Saccharomyces cerevisiae and Mus musculus

[200, 157]. The biomass component percentages were determined from literature

(protein/sugar [201], lipid [202], and DNA [203]) and are presented in the Supple-

mentary information. The total composition of each biomass element with respect

to the whole cell, except for RNA, was found in literature for macrophages. The

total RNA content was adapted from the yeast and mouse reconstructions. All

components were found in macrophages, but the RNA amount was adapted from

the yeast and mouse reconstructions. DNA composition was set to 41% GC con-

tent. RNA and protein composition was determined by averaging the sequence

composition of expressed transcripts from the gene expression data used to build

the HM. Sugar was assumed to be stored solely as glycogen. Lipid components were

adapted from studies on human alveolar macrophages [204]. ATP maintenance re-

quirements were calculated similar to the method for the mouse reconstruction.

All calculations for biomass formulation are provided in the Supplementary infor-

mation. The biomass reaction was not used as the objective function. Instead, a

lower bound was set as a maintenance requirement for the HM at physiologically

relevant levels [205] for all computational tests. Objective functions used for the

HM include ATP and nitric oxide production.

3.5.3 Integration of iAB-AMØ-1410 and iNJ661

The integration workflow is shown in Fig. 3.3. Before integrating iAB-

AMØ-1410 and iNJ661, the reactions and metabolites were renamed to delineate

between organisms and compartments. Once the reactions and metabolites were

recompartmentalized, the stoichiometric matrix of the PM was added to the right-

hand side of the HM. The external environment of the PM was renamed as the

phagosome environment. Transporter reactions were added that connected the cy-

toplasm of the HM with the phagosome environment for the exchange metabolites.

The PM’s exchange reactions were set to zero, except for ferric ion, copper ion,

and hydrogen. These metabolites are not present in the HM and the exchanges
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were used as sinks because of the PM’s need. The transporter reactions provided

metabolites known to be in the phagosome to the PM, including ions [206], ni-

tric oxide, fatty acids, traces of glycerol, and oxygen (10% of iNJ661). A full

list of metabolites available in the phagosome is provided in the Supplementary

information.

3.5.4 Flux-balance analysis

The reconstructions were represented mathematically using the stoichiomet-

ric matrix (S). The matrix is m by n, containing m metabolites and n reactions.

The relationship of reactions and the concentration time derivatives is as shown:

dx

dt
= S · v (3.1)

where x and v denote the concentrations of metabolites and fluxes of reactions,

respectively. Steady-state flux-balance analysis is accomplished using the following

linear optimization problem:

max(cT · v)

subject to S · v = 0

lb < v < ub

(3.2)

The optimization problem is constrained by thermodynamic and enzyme kinetics

using upper and lower bounds (ub, lb) on the fluxes of reactions. The optimization

vector (c) is a zero-vector except for a one assigned to the reaction or function to

be optimized for. A full description of flux-balance analysis and its biological uses

can be found in earlier publications [34].

The flux span is calculated by the difference of the maximization and min-

imization of the linear optimization problem above for all reactions in the models.

Reactions that carried no flux and were perceived to be involved in thermodynam-

ically infeasible loops were not considered when calculating the flux span.
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3.5.5 Characterizing the macrophage’s metabolic func-

tions

The global human metabolic network contained 288 metabolic functions.

Sink reactions were added for the metabolite being produced in each metabolic

function. Flux-balance analysis was completed using the SimPheny software plat-

form and the pathways were detected by manual inspection of flux maps. The

original exchange constraints for iAB-AMØ-1410 were used for all simulations. A

listing of all the simulations and results are provided in the Supplementary infor-

mation.

3.5.6 Reaction activity tests

iAB-AMØ-1410, iNJ661, and iAB-AMØ-1410-Mt-661 were randomly sam-

pled using a Monte Carlo method detailed below. The macrophage objective func-

tions were maintained at the aforementioned physiologically relevant levels. The

tuberculosis objectives were maintained at 75% of the maximum values.

As substrate uptake rates for in vitro versus in vivo M. tb are significantly

different, the sampling results required normalization to properly predict differen-

tial expression of metabolic pathways. We assumed that the cells will use a slightly

different set of reactions for the two growth conditions. In addition, the total flux

through all pathways will be constrained by the amount of enzyme, assuming there

is adequate substrate. To represent this, we normalized the sample points to have

the same median total network flux level by summing the absolute flux through all

tuberculosis reactions for each sample point. All points are scaled by the median

network flux.

Differential reaction activity was determined under the assumption that if

the distributions of candidate flux states, from sampling, for the same reaction

under two different conditions do not significantly overlap, then the cell will have

to adjust the gene expression to compensate for the complete shift in the solution

space. For each tuberculosis reaction, a P-value was computed, comparing the

distributions of normalized sample points of the two models. Significance of change
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was determined at a false discovery rate of 0.05 [207]. The genes of the significantly

changed reactions were determined from the gene-protein reaction association data

and compared with published gene expression data.

3.5.7 Monte Carlo sampling

Monte Carlo sampling was used to generate a set of uniform, feasible flux

distributions (points). The method is a modified version of the artificially centered

hit and run (ACHR) algorithm [208]. Initially, a set of non-uniform pseudo-random

points, called warmup points, is generated. In a series of iterations, each point is

moved in a random manner to a new point, always remaining within the solution

space. This is performed by (1) choosing a random direction, (2) computing the

limits of how far one can travel in that direction and (3) choosing a new point

randomly along this line. After many iterations, the set of points will be mixed

and approach a uniform random sample of the solution space.

Warmup points are generated by linear programming. For each point, the

objective coefficients are set to a random vector with values in [-1,1]. This generates

a point at random corners in the solution space. The direction of movement is

chosen as described in [208]. The center point of all points is computed and the

direction is the difference of a randomly selected point and the center point. This

has the effect of biasing the directions in the longer directions of the solution space

and speeds up the rate of mixing while maintaining sample uniformity.

One of the problems with the ACHR is that the termination condition is

not clearly defined. Here, we introduce the concept of the mixed fraction as a

measure of how many iterations are required until proper mixing. A partition is

created over the set of points by drawing a line at the median value with half the

points on either side of the line. The mixed fraction is a count of how many points

cross this line between the beginning of sampling and the end as a fraction of the

total number of points. Initially, the mixed fraction is 1 as all points are on the

same side of the partition. When perfect mixing is achieved, each point has a 50%

chance of crossing the partition line so the mixed fraction will be close to 0.5. This

value is approached asymptotically and a threshold of 0.53 was used for sampling.
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3.5.8 Infectious state M. tb objective function formulation

The initial build of iAB-AMØ-1410-Mt-661 used the original tuberculosis

biomass objective function of iNJ661. To build an objective function more specific

to in vivo conditions of M. tb, the PM objective function was modified according

to gene expression data. The original biomass was split into major metabolite

components (Table. 3.1). Each component was randomly sampled to determine

averages of reaction fluxes. In an iterative manner using linear regression, the com-

ponents were either removed or weighted and sampling was redone. This process

was continued till the sampling results from the specific objective function best fit

the gene expression data.

3.5.9 Gene essentiality tests

Gene essentiality tests were completed by systematically setting all reaction

fluxes associated with a gene to an upper and lower bound of zero. Flux-balance

analysis was then computed to determine the change, if any, of phenotypic state.

Only tuberculosis genes were tested in the PM and the HPM. We set 0.2 of the

maximal biomass as the threshold for essentiality.

3.5.10 Building M. tb infection specific models

We used gene expression profiling data from ex vivo macrophages infected

with M. tb [180]. The study had three types of macrophages: derived from nurses

with latent tuberculosis and treated patients of pulmonary and meningeal tuber-

culosis. The expression data was used to build three context-specific models using

the PANP software package and GIMME algorithm. All reactions were deemed

active in the models that were able to carry a non-zero steady-state flux. This was

performed using flux variability analysis, in which the minimum and maximum

fluxes are independently calculated for each reaction in an iterative manner [209].
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Chapter 4

Model-driven multi-omic data

analysis elucidates metabolic

immunomodulators of

macrophage activation

4.1 Abstract

Macrophages are central players in immune response, manifesting diver-

gent phenotypes to control inflammation and innate immunity through release

of cytokines and other signaling factors. Recently, the focus on metabolism

has been reemphasized as critical signaling and regulatory pathways of human

pathophysiology, ranging from cancer to aging, often converge on metabolic re-

sponses. Here, we used genome-scale modeling and multi-omics (transcriptomics,

proteomics, and metabolomics) analysis to assess metabolic features that are crit-

ical for macrophage activation. We constructed a genome-scale metabolic net-

work for the RAW 264.7 cell line to determine metabolic modulators of activation.

Metabolites well-known to be associated with immunoactivation (glucose and argi-

nine) and immunosuppression (tryptophan and vitamin D3) were among the most

critical effectors. Intracellular metabolic mechanisms were assessed, identifying a

103
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suppressive role for de-novo nucleotide synthesis. Finally, underlying metabolic

mechanisms of macrophage activation are identified by analyzing multi-omic data

obtained from LPS-stimulated RAW cells in the context of our flux-based predic-

tions. Our study demonstrates metabolism’s role in regulating activation may be

greater than previously anticipated and elucidates underlying connections between

activation and metabolic effectors.

4.2 Introduction

Macrophages have a key role in coordinating immune response in mam-

malian systems through the production of regulatory cytokines, proteases, and

coagulation factors. In addition, they are critical for digesting pathogens, necrotic

cellular debris, and other foreign objects that are encountered within the host.

Growing evidence indicates that macrophages manifest divergent metabolic phe-

notypes to mediate a variety of alternative functions, including immunosuppres-

sion and tissue repair [210]. While metabolic status can greatly vary depending on

macrophage type or stimulated state, the murine leukemic monocyte macrophage

cell line RAW 264.7 has been an amenable in vitro model of macrophage and

monocyte functions as it exhibits key characteristics representative of different

macrophage types in vivo [211, 212, 213]. For that reason, the RAW cell line has

served as a host model to experimentally probe macrophage phenotypes under var-

ious exposure conditions (e.g., endotoxins and cytokines) as well as during direct

parasitic infection [214, 215] and proliferative inflammatory response states [216].

The phenotypic responses that macrophages display have been extensively

studied and are generally categorized according to activation status [217]. While

macrophage activation functions at the front line of host defense, improper control

of its activation has also been implicated to have major roles in disease progression.

For example, infiltration of activated macrophages in tissues has been strongly as-

sociated with a number of pathological disorders including diabetes, obesity, and

renal injury [218, 219]. The recruitment of specific, activated macrophage sub-

populations in the tumor microenvironment is widely known to promote chemore-
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sistance by enabling cancer cells to effectively evade host immune responses [220].

Macrophage activation states are also modulated by parasitic organisms, which hi-

jack host macrophage cells to promote their long-term, intracellular survival [221].

Macrophage activation is metabolically associated with the amino-acid arginine

that diverges into classical (M1) and alternative (M2) pathways with the respec-

tive productions of: (1) nitric oxide (NO) for microbicidal purposes via NOS2 and

(2) proline and polyamines for inducing local cell proliferation and collagen remod-

eling via arginase [210, 222]. These polarized functions are activated in response to

bacterial and viral infections in the M1 phenotype, and to parasitic infection, tissue

remodeling and angiogenesis in the M2 phenotype [210, 222]. Although there is a

growing interest in understanding the interface between metabolism and immunity

[223], little systems-based approaches have been utilized in elucidating metabolic

mechanisms that are linked to macrophage activation to date.

Molecular systems biology has arisen as a discipline to meet the challenges

associated with the current era of high-throughput, data-rich biology. Genome-

scale reconstructions provide mechanistic foundations for network-level modeling,

biological discovery, and analyzing high-throughput data sets [150]. Metabolic net-

works bridge the gap between genomic and biochemical information and form a

mechanistic context in which data sets can be incorporated to evaluate causal

phenotypic relationships. This approach has been demonstrated in evaluating

metabolic phenotypes for microbial and eukaryotic systems, ranging from indus-

trial microbes to pathogens to human cells [79, 63, 155]. Recently, algorithmic

approaches have leveraged genome-scale networks as a mechanistic scaffold for

interpreting condition- and tissue-specific gene expression data [4, 224, 94].

In this study, we present a genome-scale metabolic reconstruction and anal-

ysis for the RAW 264.7 cell line to evaluate metabolite effectors and mechanisms

associated with macrophage activation. Highly effective metabolites identified by

our analysis are richly supported in the published literature for their immunomod-

ulatory properties, in which several predicted metabolites have been previously

experimentally verified. Mechanisms for activation and inhibition by predicted

metabolic immunomodulators were investigated through Monte Carlo sampling



106

analysis. Finally, transcriptomic, proteomic, and metabolomic analysis of LPS-

stimulated RAW cells demonstrates how model-based predictions enhance the

mechanistic interpretation of high-throughput data to enable better understanding

of macrophage metabolic activation phenotypes.

4.3 Results

4.3.1 RAW 264.7 metabolic network reproduces experi-

mentally measured flux rates

A RAW 264.7 metabolic network was reconstructed based on the global

human metabolic network Recon 1 [79] by integrating gene expression and pro-

teomic data with a Homologene-mapped metabolic network (see Materials and

methods for workflow and details). The physiological capabilities of the network

were evaluated using uptake rates derived from in-vitro data sets. Rates of biomass

growth, ATP production, and NO synthesis were compared with experimental val-

ues. The maximum doubling time for the imposed in-vitro uptake rates was 16.99

h. Although the measured growth rate tends to vary for different experimental

conditions, the calculated rate is consistent with the previously reported range of

11 h [225], 18-22 h [226], and 24.7 h [227]. For subsequent ATP and NO rate

calculations, the lower bound on the biomass reaction was set to the lower experi-

mental growth rate of 0.0281/h to mimic minimal maintenance of the macrophage.

The maximum calculated ATP production rate was 0.796 mmol/h/g DW, simi-

larly to the in-vitro rate of 0.712 mmol/h/g DW [160]. The NO production rate

(via NOS2) was 0.0399, mmol/h/g DW, similarly to an in-vitro measured rate

of 0.0365, mmol/h/g DW [161]. Overall, our results indicate that the metabolic

network is predictive of physiologically relevant experimental rates when in-vitro

uptake rates are imposed. To further evaluate the physiological accuracy of the

cell-specific RAW 264.7 metabolic network compared with the larger global model

from which it was derived, we calculated biomass growth, ATP production, and NO

production rates for the Recon 1 network. We also performed sensitivity analyses



107

presented in the later sections. For both analyses, we found Recon 1 predictions on

the quantitative production rates to be considerably less accurate compared with

the RAW 264.7-specific network (see Supplementary information).

4.3.2 Deletion analysis differentiates critically essential re-

actions of M1 and M2 activation phenotypes

To metabolically characterize macrophage phenotypes, we defined five

metabolic objective functions associated with general macrophage function and

activation: (1) energy (ATP) generation, (2) redox maintenance (NADH), (3)

NO production for M1 activation, (4) synthesis of extracellular matrix precursors

(proline), and (5) induction of local cell proliferation through polyamines (i.e.,

putrescine) to define M2 activation [210]. As a highly mobile and active cell,

macrophages require high glycolytic activity to generate ATP and NADH for es-

sential functional purposes [160]. M1 and M2 activation phenotypes serve different

functions in immune response, with the primary difference due to the differential

upregulation of NOS2 and arginase [210, 222]. We first evaluated whether dis-

tinguishing M1 and M2 phenotypic features can be demonstrated through the

optimization of the respective M1- and M2-associated objective functions without

directly imposing regulatory constraints on NOS2 and arginase reactions.

A single reaction deletion analysis was performed while maximizing for

M1 (NO production) and M2 activation (proline and putrescine productions) to

evaluate reactions that are differentially critical, or essential, for M1 and M2 phe-

notypes. In general, the essential reactions between M1 and M2 functions were

similar, as has been previously demonstrated by the overall similarities between

M1 and M2 metabolic flux distributions [228]. This result is primarily due to

the close network proximity of NO, proline, and polyamine production. Of the

76 metabolic subsystems in the RAW 264.7 network, only 4 had a large differ-

ence in response to reaction deletions: alanine and aspartate metabolism, arginine

and proline metabolism, oxidative phosphorylation, and urea cycle/amino group

metabolism (Fig. 4.1). In all, there were 37 reaction deletions that resulted in a

large differential response (>10% difference from original objective function value)
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between M1 and M2 activation (Fig. 4.1). As expected, reactions that were di-

rectly involved in the respective production of NO (NOS1 and NOS2), proline

(G5SADrm), and putrescine (ORNDC) were critically essential as their deletion

resulted in the inability to produce their respective products (i.e., value of 0).
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Figure 4.1: Reaction deletion analysis differentiates metabolic differ-
ences observed for M1 and M2 activation. The difference between reaction
essentiality for M1 and M2 activation is shown. In the top portion, the reactions
are grouped by subsystem and rank ordered in terms of importance for M1 acti-
vation. Only a few subsystems were differentially important. Largely differential
subsystems are shown in reaction detail. The reaction importance differences seen
for oxidative phosphorylation and the shuttling of NADH equivalent reflects known
metabolic flux variations seen in M1 and M2 activation.
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Outside of the reactions that were directly involved in the production of

NO, proline, and putrescine, the majority of differential reactions were involved in

oxidative phosphorylation and the malate-aspartate shuttle. The deletion of ox-

idative phosphorylation reactions (CYOR u10, CYOOm3, and ATPS4m) reduced

proline and putrescine production to 63-76% of its maximum capacity. The effect

on NO production was far less detrimental at 88-96%, thus indicating oxidative

phosphorylation to be more important for the M2 activation phenotype than for

M1. Glycolysis-associated reaction deletions (GAPD, PGK, PGM, PYK and ENO)

led to a reduced NO production of 73-74%, slightly lower than 75-78% for proline

and putrescine. However, alanine and aspartate metabolism reactions (ASPTA,

ASPGLUm) were significantly more important for NO production as shown for

the reduction to 83-85%, compared with 93-96% for the M2-associated objective

functions.

The reaction deletion analysis indicates that the M1-activation phenotype

has a slightly higher dependency on the shuttling of glycolysis-associated NADH

equivalents from the cytosol to the mitochondria. However, the removal of oxida-

tive phosphorylation reactions is more detrimental in M2 activation. These results

are consistent with a recent study showing that M1-activated macrophages have a

higher glycolytic capacity whereas M2-activated macrophages are more dependent

on oxidative phosphorylation [228].

4.3.3 Sensitivity analysis identifies immunomodulatory

metabolites of macrophage activation

To determine important metabolic immunomodulators of macrophage ac-

tivation, we performed a sensitivity analysis on the metabolite exchanges in the

RAW macrophage network for each of the five activation-based objective functions.

The analysis quantifies metabolite exchanges that are strongly associated with the

maximization of each objective function by prioritizing the slope values calculated

from robustness analysis [229] (Fig. 4.2). For example, NO production is expected

to be highly sensitive to L-arginine uptake as L-arginine is its precursor metabolite.

In general, sensitivity scores for NO, proline, and putrescine did not vary signif-
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icantly as their respective productions are coupled with arginine fate and their

synthesis pathways are proximal to one another, as previously discussed. These

results are supportive of the similarities in metabolic activation flux patterns of

M1 and M2 phenotypes measured in murine peritoneal macrophages [228].
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Figure 4.2: Network sensitivity analysis recapitulates literature-
supported immunomodulatory metabolites. Five objective functions were
evaluated for activating and suppressing metabolites based on magnitude and di-
rectionality of slope. Support from previously published experimental studies was
enriched toward metabolites that were predicted to be most effective. Metabolites
with literature support and discussed in our analysis are denoted by (†). Metabo-
lites denoted with (*) were excluded as those results are due to artifacts of the
network.
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Several computationally predicted activating metabolic substrates are well

established to be critical for macrophage activation (Fig. 4.2). Oxygen, glu-

cose, and glutamine have all been previously shown to be of great importance in

macrophage metabolism and activation as they are key for cellular respiration,

energy production, and respiratory burst [230]. High consumption of glutamine is

particularly important for enhancing immunity [160], as it is required for arginine

biosynthesis and nitrite/urea production [231]. The uptake of arginine and the

branched chain amino acids (BCAAs) valine and isoleucine were also identified to

be important for ATP, NADH, proline, and putrescine production; however, it was

not found to be critical for NO production. Arginine is among the most critical

amino acid as it is a direct precursor metabolite for NO [232] and its transport

increases up to five-fold during activation and proliferation [233]. Previous exper-

iments verify these predictions as higher arginine and glucose concentrations of

LPS- and LTA-activated macrophages increased NO production above levels seen

without supplementation [160, 234]. Though BCAAs are not as well studied as

arginine in macrophages, supplementation of BCAAs has shown to help improve

immune response in long distance runners [235]. During strenuous exercise, plasma

glutamine levels drop having a large effect on peripheral blood mononuclear cells

(PBMCs). Bassit et al, (2002) showed that BCAA supplementation before stren-

uous exercise allowed PBMC to retain their ability to proliferate. L-cystine was

also found to be selectively activating for NO production. While L-cystine was not

predicted to be an effective activator or suppressor of M2 activation, it has been

previously shown that LPS-activated NO production induces L-cystine uptake in

murine macrophages [236].

Tryptophan and phenylalanine were highly ranked among substrates in

which its catabolism had a suppressive effect on M1 and M2 metabolic activa-

tion phenotypes (Fig. 4.2). Most notably, indoleamine 2,3-dioxygenase (IDO), a

key enzyme in tryptophan catabolism, is a widely known suppressive mechanism

by which IDO-expressing monocytes and macrophages inhibit T-cell proliferation

in mammals [237]. Tryptophan catabolites have been widely implicated in medi-

ating immune tolerance [238], and the tryptophan catabolite 3-hydroxyanthranilic
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acid has been directly shown to suppress NO synthase expression [239]. A similar

catabolic mechanism has been proposed for phenylalanine, by which the immuno-

suppressive enzyme IL4I1 has been shown to inhibit T-cell proliferation in vitro via

L-phenylanine oxidase [240]. It is important to note that the uptake of threonine

had the largest inhibitory effect on activation objectives, but was not under con-

sideration during analysis. While constructing the model, it was noted that the

RAW 264.7 cell line lacked threonine degradation pathways, confirmed through

low threonine dehydrogenase transcript levels. As threonine uptake increased in

the sensitivity analysis, the amino acid was being shuttled only to biomass pro-

duction that resulted in the diversion of precursor metabolites away from M1 and

M2 phenotypes, thus appearing to be an immunosuppressive metabolite.

Produced metabolites were also found to have profound effects on metabolic

activation. Synthesis of most metabolites had a suppressive effect on M1- and M2-

associated metabolic phenotypes (Fig. 4.2), as there is a metabolic ‘cost’ by di-

verting precursor metabolites and energy resources away from the arginine-derived

activation pathways. Vitamin D3 production was found to be the most effective

at lowering flux across all activation functions, a metabolite which has been pre-

viously implicated as a critical negative feedback mechanism to control activated

macrophages through paracrine signaling [241]. A similar mechanism has been

found to be employed by the immunosuppressant cyclosporine, which upregulates

vitamin D3 synthesis via 1-α-hydroxylase [242]. The production of several nu-

cleotides and deoxynucleotides was also indicated to be negatively associated with

macrophage activation as 8 of the top 13 inhibiting metabolites involved in nu-

cleotide metabolism. In particular, adenosine is known to be released in tissues

during injurious stimuli to mitigate pro-inflammatory responses across various im-

mune cell types [243, 244]. Interestingly, the supply of purines and pyrimidines has

previously been found to be vital for intracellular pathogens to proliferate within

macrophages, as many pathogens have auxotrophies for nucleotides [245].

The complementary nature of a metabolite that causes macrophage inacti-

vation due to its production and shows importance for pathogenic growth was also

found for hyaluronan. Hyaluronan production was one of the most suppressive of



116

macrophage activation and has been previously been shown to be a critical sub-

strate that enhances Mycobacterium tuberculosis proliferation [182]. In addition,

our previous study indicated that hyaluronan synthase is active only in pulmonary

M. tuberculosis infections versus latent infections [4]. Finally, DOPEG production

that occurs via monoamine oxidase (MAO)-mediated norepinephrine degradation

was also suppressive of macrophage activation. Our network finding of the suppres-

sive properties of DOPEG production is supported by a recent study that demon-

strated metabolic inactivation of catecholamines occurs via upregulated MAO in

LPS-stimulated macrophages to regulate intensity of inflammatory injury [246].

In general, metabolite production is metabolically taxing to macrophage

activation phenotypes (Fig. 4.2); however, it is sometimes more efficient to se-

crete nitrogen by-products, such as for urea, ammonia, and glutamate, the only

metabolites through which its production had a positive effect on activation. In

particular, urea and glutamate production arises from the respective use of argi-

nine and glutamine. It has been experimentally shown that urea supplementation

in the media of RAW 264.7 cells inhibits NO production [247]. Prabhakar et al.

noted that the mechanism for NO production inhibition is not related to tran-

scription, as inducible NO synthase mRNA levels are the same in control and urea

spiked samples. However, it is possible that the addition of urea in the media

perturbs homeostatic cycling of arginine, thereby inhibiting NO production. In

addition, the inhibition of glutaminase, an enzyme that produces glutamate from

glutamine, is known to mediate activated immune response in macrophages [248].

As demonstrated later, proteomic data from LPS-activated RAW 264.7 cells indi-

cate increased glutaminase activity during macrophage activation.

Overall, our results demonstrate that metabolite effectors with the high-

est sensitivity scores across macrophage functions and activation phenotypes are

widely known to have an immunomodulatory role. Supplementation of cell cul-

ture media with glucose and arginine has been previously shown to increase ni-

trite production. Predicted suppressive modulators have also been previously con-

firmed experimentally through signaling regulatory mechanisms. The high cor-

relation between our findings and experimental literature is of particular interest
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as our network approach does not explicitly account for signaling or regulation

of metabolism. However, it is highly possible that the converging changes in

metabolism during macrophage activation and suppression, as mediated by reg-

ulatory and signaling factors, may in fact have an important role in directing

macrophage phenotypes.

4.3.4 Sampling analysis identifies potential intracellular

mechanisms linked to immunomodulatory metabo-

lites

The results of the sensitivity analysis demonstrated that predicted metabo-

lites were supported by previous experimental studies on metabolic effectors.

To understand the underlying metabolic pathways that are associated with the

metabolic effectors, Monte Carlo sampling analysis was used to identify intracellu-

lar reaction changes linked to metabolites (i.e., metabolite uptake and production)

with suppressive properties. In particular, we studied the most effective inhibitor

(tryptophan) and the most demanding group of produced metabolites (nucleotides

and deoxynucleotides). In total, 90 different conditions were sampled to determine

the perturbed metabolic pathways and reactions of 9 metabolic exchanges on the

5 activating objectives, during uptake or synthesis compared with those without

such activities.

First, we evaluated the suppressive effects of tryptophan uptake. Our sam-

pling analysis indicates that the macrophage enters a ketogenic-like state during

increased tryptophan uptake (Fig. 4.3). Increased tryptophan catabolism (i.e.,

IDO induction) results in an increase in the production of reduced glutathione and

the degradation of two ketogenic amino acids, leucine and lysine, as shown by in-

creased activity of hydroxymethylglutaryl-CoA lyase, as well as decreased pyruvate

dehydrogenase and increased pyruvate carboxylase activity, a switch characteristic

of a ketogenic state [249]. Interestingly, rats that are fed a ketogenic diet result in

elevated levels of reduced glutathione [250], and fasting individuals in ketosis are

known to have decreased inflammation [251].
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Due to the change in redox potential, there is a cellular need to shuttle

NAD+ and NADH across the mitochondrial membrane. Sampling analysis demon-

strated a statistically significant increase in use of the malate-aspartate shuttle.

The shuttle is dependent on glutamate, which in-silico analysis shows is derived

from glutamine. Thus, glutamine is diverted from activation-associated metabo-

lites (NO, proline, and putrescine) to balance the redox potential across the mito-

chondrial membrane. In the M1- and M2-reaction deletion analysis, we noticed a

greater importance of the shuttle for M1 activation. With sampling, we saw the

same result as the basal level of the malate-aspartate shuttle in M1 activation was

greater than in M2 activation. However, forced tryptophan uptake significantly

increased shuttle activity for both M1 and M2 activation.

Next, we evaluated eight nucleotides and deoxynucleotides whose synthesis

was predicted to be especially taxing on activation properties. Intracellular changes

induced by nucleotide production are drastically different than those for trypto-

phan uptake (Fig. 4.3). As expected, de-novo purine and pyrimidine synthesis

pathways are activated, including reactions pertaining to synthesis of IMP, UMP,

and deoxynucleotides. Purine and pyrimidine synthesis requires 5-Phosphoribosyl

diphosphate (PRPP) and carbamoyl phosphate (CBP), respectively. Sampling

indicated that PRPP production via pentose phosphate pathway was increased

resulting in suppression of glycolysis, pyruvate metabolism, and overall ATP pro-

duction. There was also an increase in CBP synthesis from glutamine via CBP

synthase; draining the availability of glutamine toward the arginine-derived syn-

thesis of NO, proline, and putrescine.

We detected different inhibitory mechanisms for tryptophan uptake and

nucleotide production on macrophage activation. However, the mechanisms often

converged on glutamine and overall energy production, thus implicating intra-

cellular metabolic shifts in glutamine utilization as a potential critical junction

for immunomodulatory mechanisms. To further study and confirm the proposed

mechanisms, we generated multiple levels of high-throughput data sets from LPS-

activated RAW 264.7 cells.
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4.3.5 Predicted metabolic activation phenotypes enhance

mechanistic interpretation of experimental data for

activated RAW 264.7 cells

Our network sensitivity and flux sampling analyses defined potential

metabolic mechanisms associated with macrophage activation and inhibition. In

particular, our results indicate that macrophage activation may be dependent on

the flux divergence from glutamine/glutamate as a critical junction (Fig. 4.4a). To

experimentally confirm our predictions, we stimulated RAW 264.7 cells with LPS

(derived from Salmonella typhimurium), a TLR4 agonist associated with M1 acti-

vation, to assess whether these mechanisms were associated with similar changes

at the transcript, protein (2, 4, and 24 h after stimulation), and metabolite levels

(24 h after stimulation) following macrophage activation.
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First, we performed a global, unbiased assessment of the primary metabolic

changes during activation by calculating reporter metabolites based on the gene

expression data in accordance with a published method [49]. Reporter metabo-

lites are nodes that are statistically enriched with transcriptional changes in the

metabolic network and represent key regions that are significantly perturbed. A to-

tal of 105 statistically significant reporter metabolites (P<0.05) were identified for

LPS-stimulated RAW cells. Reporter metabolites for LPS-stimulated macrophages

at 24 h are shown (Fig. 4.4a). Among the top 20 reporter metabolites, 12 are re-

lated to the predicted activating and suppressive mechanisms previously discussed:

urea cycle, NO and putrescine production, and nucleotide biosynthesis. Thirteen

extracellular reporter metabolites were also identified, eight of which were pre-

dicted to be important metabolic effectors through sensitivity analysis (including

glutamine, arginine, glucose, and phenylalanine). Hence, the reporter metabolite

results provide an unbiased confirmation that major transcriptional changes in

metabolism during macrophage activation are highly correlated with the model-

predicted regions of arginine and urea metabolism as well as nucleotide biosynthe-

sis.

We then evaluated the directional changes of reactions involved with the

most highly perturbed reporter metabolites (Fig. 4.4b). We compared sampling

predictions during activation and suppression with the associated genes and pro-

teins in the transcriptomic and proteomic data. We found a highly significant

(P<1e-5 through a permutation test) correlation between model predictions and

high-throughput data (Fig. 4.4b; see Supplementary information). As expected,

LPS-stimulated cells showed significantly upregulated (P<0.05) genes and proteins

involved with NO, proline, and putrescine production. In addition, metabolic path-

ways associated with proline and putrescine degradation were suppressed, suggest-

ing accumulation of the characteristic M2-associated metabolites. Gene expres-

sion data also showed upregulated arginase (Arg2) and urea transporter (Slc14a2),

as well as several genes (Acadsb, Aldh6a1) associated with BCAA degradation.

In contrast with our predictions, we found that glutaminase (Gls) and ornithine

aminotransferase (Oat) were significantly downregulated in the expression data.
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However, at the protein level, both Gls and Oat were upregulated and a previous

study showed a respective 150% and 40% increase in Gls and Oat enzyme activity

in LPS-activated versus resident macrophages [160]. These experimental results

provide further support that arginine and BCAA metabolism as well as urea and

glutamate production are highly active during macrophage activation.

Conversely, metabolic genes and proteins involved in the predicted sup-

pressive malate-aspartate shuttle and nucleotide synthesis were found to be signif-

icantly downregulated during LPS stimulation. The pentose phosphate pathway

and nucleotide synthesis, including PRPP and CBP utilizing genes (Ppat and Cad),

were significantly downregulated (Fig. 4.4b). We also observed a gene involved

with the malate-aspartate shuttle (Slc25a13) to be significantly downregulated.

Finally, we profiled 700 metabolites using GC-MS to determine altered

metabolite levels during LPS activation. In all, 51 metabolites that were detected

in both control and activated conditions had significant changes (P<0.05). In par-

ticular, we detected a significant increase in putrescine (ptrc), in accordance with

transcription and proteomic data that suggested its accumulation (Fig. 4.4a).

Downstream metabolites spermine (sprm) and spermidine (spmd) were decreased,

although an increase in 5’-deoxy-5’-(methylthio)adenosine (5mta), a by-product

of spermine and spermidine synthesis, was indicated. Most notably, 11 metabo-

lites associated with the model-predicted metabolic suppressors were significantly

decreased: nucleotide metabolism (adn, amp, gmp, hxan, ins, ump), pentose phos-

phate pathway (r5p), malate-aspartate shuttle (asp-L, glu-L, mal-L), and tryp-

tophan catabolism (kynate). Though metabolite level changes are not directly

linked to predicted flux changes, these results are highly supportive of a systemic

shift of metabolic resources away from nucleotide metabolism and other predicted

suppressive pathways to activation-associated metabolic functions.

To further verify the observed divergence of nucleotide synthesis and ac-

tivation functions, we re-evaluated time-course quantitative proteomic data of

RAW 264.7 cells infected with Salmonella typhimurium from a previous study

[252]. Based on time-course proteomic data, seven detected proteins were associ-

ated with NO and proline production (Nos2 and Pycr2), nucleotide biosynthesis
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(Atic and Impdh2), and pentose phosphate pathway (G6pdx, Pgls, and Tkt). We

found a similar trend between the LPS-stimulated and infection results (Supple-

mentary Figure S3). In addition, the protein abundance changes followed a clear

time-course trend, with the accumulation of activation proteins and a continual

decrease in proteins associated with suppressive nucleotide pathways and pentose

phosphate pathway during infection.

In summary, the intracellular metabolic signature predicted for macrophage

activation from the tailored genome-scale metabolic network to the RAW cell line

was significantly correlated with and was highly supported by three levels of high-

throughput data sets. Our experimental results demonstrate that the regulation of

glutamine/glutamate towards de-novo nucleotide synthesis and malate-aspartate

shuttle may be an effective mechanism for modulating macrophage metabolic acti-

vation as the LPS-stimulated macrophage significantly downregulated those path-

ways during activation. In addition, we re-analyzed time-course proteomic data of

infected RAW 264.7 cells, finding a similar trend as the LPS results. A compari-

son of our model-predicted changes with the full time-course transcriptomics and

proteomics of LPS-stimulated macrophages as well as a list of significantly altered

metabolites are available in Supplementary information.

4.4 Discussion

It is becoming clear that the two common denominators in many patho-

physiological states are metabolism and inflammation [223]. Research areas, par-

ticularly in the cancer field which previously focused heavily on regulation and sig-

naling controls, are now recognizing metabolic reprogramming as a predominant

characteristic during disease progression. For example, well-established tumor sup-

pressors that regulate cancer cell proliferation, such as p53, have been shown to

converge on the control of central metabolism [253](Cairns et al, 2011). In this

study, we present a case that metabolism similarly has a crucial role in the con-

trol of macrophage activation and, consequently, immune response. Notably, our

systematic network analysis of macrophage metabolism highlights metabolic effec-
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tors that were previously established in the experimental literature and proposes

potential mechanisms that are critically linked to activation.

In recent years, high-throughput technologies have emphasized the need

to develop integrative data analysis tools with improved biological relevance

[137]. While most data-driven analysis approaches are purely statistical in nature,

metabolic network-based approaches have demonstrated highly coherent depen-

dencies at the gene expression level that are functionally correlated based on flux

associations [74, 67]. Our study further supports the notion that predicted flux-

based associations provide a biologically accurate context for elucidating metabolic

mechanisms from multiple layers of high-throughput data. By coupling model-

based predictions with transcriptomic, proteomic, and metabolomic analyses on

LPS-stimulated RAW 264.7 cells, we confirmed a consistent trend by which glu-

tamine is a critical junction for activation and a possible contending link between

nucleotide synthesis and macrophage activation via pentose phosphate pathway

and CBP synthase exists. Our re-analysis of previously published proteomic data

from Salmonella-infected RAW 264.7 cells demonstrated a similar divergent trend,

indicating that metabolic network-based predictions can enhance the mechanistic

interpretation of omics data than previously possible.

With a growing interest in metabolism as therapeutic targets [254], the re-

sults of our study indicate metabolic network-based approaches can be used to

delineate metabolic mechanisms as immunotherapeutic targets. In particular, our

study provides the framework for identifying metabolic signatures of macrophage

activation that serve as potential therapeutic strategies during infectious states.

Interestingly, our previous work on differential metabolism during M. tuberculosis

infection in human alveolar macrophages showed that nucleotide synthesis, pen-

tose phosphate pathway, hyaluronan synthase, and Vitamin D3 metabolism were

solely active in macrophages with pulmonary and meningeal tuberculosis infec-

tions versus latent infections [4]. Several macrophage-produced metabolites that

suppressed activation phenotypes, particularly nucleotides and hyaluronan, have

also been shown to be important substrates for intracellular pathogen replication

and survival [245, 182]. Our current analysis suggests a complementary nature
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between pathogen auxotrophies and the mitigation of macrophage activation due

to the synthesis of metabolites required for pathogen replication. These interac-

tions are indicative of potential virulence mechanisms by intracellular pathogens

that enable suppression of macrophage activation and serve as possible therapeutic

strategies to treat persistent infectious states.

Regulation of immune cells has been traditionally explored from a signal-

ing perspective, but recent studies have suggested that metabolic factors may

influence the activities of immune cell responses [255, 256, 223, 257]. In particu-

lar, macrophage recruitment and activation has drawn considerable interest from

the scientific community for its interfacing role between metabolism and immunity

[258, 222]. While the relationship between metabolism and immunity has been his-

torically explored from a nutritional perspective [222], recent studies have demon-

strated and characterized immune cell-secreted metabolites to be signaling mod-

ulators. For example, macrophage production of both Vitamin D3 and DOPEG

have been shown to have potent immunosuppressive effects as a result of paracrine

regulatory control to mitigate pro-inflammatory response [241, 246]. While these

regulatory mechanisms are well established, our analysis indicates alternative con-

tributing factors that may be imposed by the complementing metabolic capabili-

ties of effector immune cells. The ability to recapitulate most known metabolite

effectors with our metabolic network analysis strongly suggests an underlying com-

plementation in how metabolite signals are biochemically processed (i.e., degraded

or synthesized) and its eventual immunomodulatory role (i.e., activating or sup-

pressing). Hence, our study suggests metabolism as a potential remote sensor that

mediates the activation status of macrophages through its metabolic capacities.

Taken together, our results lend support to the notion that understanding reci-

procity between metabolism and its regulatory signaling state may be critical to

decoding mechanisms in immunity [222] and other biological systems [259], thus es-

tablishing potential application of metabolic systems biology toward the emerging

field of immunometabolism.
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4.5 Materials and methods

4.5.1 Tailoring the global human metabolic network to

RAW 264.7

A full workflow for generating the reconstruction is provided in Supplemen-

tary information. The NCBI HomoloGene database was used to replace Recon 1

genes with murine Entrez Gene IDs. Expression data for untreated RAW 264.7

cells was obtained [260]. Present and absent calls were made according to a proba-

bility distribution approximated for the log2-transformed, averaged values using a

Gaussian mixture model [224]. The processed data was integrated with reactions of

the mouse metabolic network according to the gene-protein-reaction associations.

The biomass function was adopted from Bordbar et al (2010) as the data used to

construct it came mostly from mice. Two established algorithms that integrate

high-throughput data with metabolic networks [28, 27] were used to construct the

cell-specific networks. We also employed a new algorithm that improves upon

the original GIMME algorithm through the integration of proteome-based objec-

tive functions called Gene Inactivity Moderated by Metabolism and Expression by

Proteome (GIMMEp).

The GIMME algorithm [28] was used to construct the RAW 264.7 cell line

model through an integrated transcripto-proteomic approach. The original al-

gorithm builds context-specific models by utilizing expression data to minimally

activate a set of reactions that are necessary to fulfill a single user-defined reaction

objective. This can be problematic given that there is no clear single objective in

mammalian cells and tissues. To build the RAW 264.7-specific model, the GIM-

MEp algorithm integrated published proteomic data of untreated RAW 264.7 cells

[252] as objective function cues that are evaluated separately with the original

GIMME algorithm in an interative fashion. Hence, separate subnetworks are de-

termined for each proteome-associated reaction objectives that are active on the

basis of satisfying each objective function in turn. The subnetworks are then com-

bined to create the finalized GIMMEp-based model. iMat [27] was also used to

predict a flux distribution most consistent with the omics data. iMat was used as it
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is not biased by a particular objective. A macrophage-specific reaction subnetwork

was derived from the iMat analysis.

The automated draft reconstruction process yielded three algorithmically

tailored models (GIMME, iMAT, and GIMMEp) that were compared by their

ability to perform the published 288 metabolic functions of Recon 1. Differences

in metabolic functional capability were used as a classification system to target

manual curation efforts in the literature. The final reconciled model was used in

the study.

4.5.2 Functional characterization using flux balance anal-

ysis

A genome-scale reconstruction is converted into a mathematical format by

representing the reactions and metabolites in a stoichiometric matrix (S). The

rows of the matrix represent the metabolites in the network, while the columns

represent the reactions. Flux balance analysis (FBA) is used to characterize the

system. FBA is a linear programming-based mathematical operation to calculate

the maximum flux through a particular reaction objective under mass balance

(S·v=0) and thermodynamic/capacity constraints (lb,ub) (Equation 4.1) without

the need for kinetic parameters. The objective vector (c) is a zero vector with a

value of 1 corresponding to the reaction that is being maximized. An FBA primer

is now available [15].

max(cT · v)

subject to S · v = 0

lb < v < ub

(4.1)

Uptake rates for major carbon sources (glucose, glutamine, pyruvate, and fatty

acids) and oxygen were set from murine macrophage literature [193, 194, 195, 160].

Minimal supplementation of essential amino acids and choline of 0.1 mmol/cell

gDW/h was required to generate biomass. In addition, sodium, chlorine, bicar-

bonate, and ammonia were allowed to enter the network freely.
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4.5.3 Reaction deletion analysis

Deletion analysis was completed by iteratively removing a reaction from

the network and determining the maximum value of the three objective functions

associated with M1 and M2 activation. The two objective functions for M2 acti-

vation (proline and putrescine generation) were averaged and compared with M1

activation (NO production). Large differences (>10% difference from the original

objective value) in reaction deletion for M1 and M2 were analyzed. Within the

two M2 activation functions, some reactions had large differences (>10%) and were

ignored in this analysis as they are not characteristic of M2 activation but rather

specifically of proline or putrescine generation. There were only six such reactions.

4.5.4 Sensitivity and sampling analysis of metabolite ex-

changes

For each exchanged metabolite and objective function, sensitivity analysis

was completed by iteratively fixing the exchange flux at 20 different flux values

ranging from the minimum to maximum allowable flux and calculating the max-

imum objective value. To compare the effects on each of the objectives, we cal-

culated the slope of the sensitivity curves. The sensitivity of metabolites to the

objective functions was typically monotonic. However, 8 of the 355 tests were not

monotonic (L-cysteine production on ATP, L-glutamate production on NADH,

l-cystine uptake on NOS, NH4 uptake on PTRC, and NH4 production on ATP,

NADH, NOS, PRO functions) where a change in direction of the function occurs

at large non-physiological exchange values (>0.1 mmol/h/g cell DW). For these

cases, the sensitivity slope was calculated for the monotonic region closer to an

exchange of 0. Though threonine was predicted to be the most effective suppres-

sant, the result is due to an artifact of the network analysis and those results were

removed.

Randomized Monte Carlo sampling of the solution space constrained by

metabolite exchanges and objective function value was used to identify reaction

activity changes pertaining to the different phenotypes calculated from sensitivity
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analysis. Sampling was performed for both the first and last points by fixing the

exchange flux and the objective, thus alternate solutions were inherently accounted

for. The sampling procedure and differential reaction activity detection was done

similarly to a previous study [4]. Reactions that were differential in activity across

a minimum of three objectives were only considered to filter out objective biased

changes.

4.5.5 Quantitative analysis of stimulated RAW 264.7

macrophages

The RAW 264.7 (ATTC) cell line was stimulated for 0, 2, 4, and 24 h with

LPS (from Salmonella enterica Serovar Typhimurium). Treated cells were washed

twice with Dulbecco’s PBS and harvested for high-throughput analyses. Quanti-

tative proteomics was done with accurate mass and time (AMT) tag. After digest-

ing the proteins with trypsin, peptides were analyzed by liquid chromatography-

tandem mass spectrometry on an LTQ XL (Thermo Scientific) (to build the mass

tag (MT database) or an LTQ Orbitrap XL (Thermo Scientific) (for the quantita-

tive measurements) mass spectrometer. Tandem mass spectra were searched with

SEQUEST [261] against mouse IPI database and the reliable identifications were

used to build the MT database, which was further matched to the orbitrap data

using the VIPER tool [262]. Abundance values were processed and submitted to

statistical test using DAnTE [263].

Labeled cDNA was prepared as described [264]. A mixture Cy3-labeled

control cDNA and Cy5-labeled were hybridized to Agilent Mouse GE 4 x 44K v2

Microarray (Agilent Technologies) and processed. Image analysis and intra-chip

normalization were performed with Feature Extraction 9.5.3.1 (Agilent). Data

were analyzed with MeV (tm4.org) or with custom python scripts.

For metabolomics, cell suspensions were centrifuged. Ammonium bicar-

bonate was added to the cell pellet and metabolites were extracted with a chlo-

roform/methanol mixture. Extracted metabolites were successively derivatized by

two chemical reagents to enhance stability and volatility for gas chromatography-

mass spectrometry (GC-MS) analysis [265]. Samples were analyzed in biological
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triplicates and technical duplicates in a GC-MS system (Agilent GC 7890A cou-

pled with a single quadrupole MSD 5975C) connected to HP-5 MS column (30 m

0.25 mm 0.25 µm; Agilent).

Omics data are available to the larger scientific community. The Sys-

BEP.org project website provides links to each of the disseminated materials with

the transcriptomics data disseminated via GEO [266] under the accession number

GSE35237 and proteomics data via (http://omics.pnl.gov; [267]). More detailed

methods on experimental conditions and data generation are provided in Supple-

mentary information.
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Chapter 5

iAB-RBC-283: A proteomically

derived knowledge-base of

erythrocyte metabolism that can

be used to simulate its

physiological and

patho-physiological states

5.1 Abstract

Background: The development of high-throughput technologies capable of

whole cell measurements of genes, proteins, and metabolites has led to the emer-

gence of systems biology. Integrated analysis of the resulting omic data sets has

proved to be hard to achieve. Metabolic network reconstructions enable complex

relationships amongst molecular components to be represented formally in a bio-

logically relevant manner while respecting physical constraints. In silico models

derived from such reconstructions can then be queried or interrogated through

mathematical simulations. Proteomic profiling studies of the mature human ery-
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throcyte have shown more proteins present related to metabolic function than

previously thought; however the significance and the causal consequences of these

findings have not been explored.

Results: Erythrocyte proteomic data was used to reconstruct the most ex-

pansive description of erythrocyte metabolism to date, following extensive manual

curation, assessment of the literature, and functional testing. The reconstruction

contains 281 enzymes representing functions from glycolysis to cofactor and amino

acid metabolism. Such a comprehensive view of erythrocyte metabolism implicates

the erythrocyte as a potential biomarker for different diseases as well as a ‘cell-

based’ drug-screening tool. The analysis shows that 94 erythrocyte enzymes are

implicated in morbid single nucleotide polymorphisms, representing 142 patholo-

gies. In addition, over 230 FDA-approved and experimental pharmaceuticals have

enzymatic targets in the erythrocyte.

Conclusion: The advancement of proteomic technologies and increased gen-

eration of high-throughput proteomic data have created the need for a means to

analyze these data in a coherent manner. Network reconstructions provide a sys-

tematic means to integrate and analyze proteomic data in a biologically meaning

manner. Analysis of the red cell proteome has revealed an unexpected level of

complexity in the functional capabilities of human erythrocyte metabolism.

5.2 Background

The advancement of high-throughput data generation has ushered a new era

of “omic” sciences. Whole-cell measurements can elucidate the genome sequence

(genomics) as well as detect mRNA (transcriptomics), proteins (proteomics), and

small metabolites (metabolomics) under a specific condition. Though these meth-

ods provide a broad coverage in determining cellular activities, little integrated

functional analysis has been performed to date.

Genome-scale network reconstructions are a common denominator for com-

putational analysis in systems biology as well as an integrative platform for exper-

imental data analysis [150, 114]. There are several applications of reconstructions
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including: 1) contextualization of high-throughput data, 2) directing hypothesis-

driven discovery, and 3) network property discovery [150]. Network reconstruc-

tion involves elucidating all the known biochemical transformations in a particular

cell or organism and formally organizing them in a biochemically consistent for-

mat [2]. Genome sequencing has allowed genome-scale reconstruction of numerous

metabolic networks of prokaryotes and eukaryotes [41, 268, 269]. In fact, a genome-

scale reconstruction of human metabolism has been completed, called Recon 1. Re-

con 1 is a global human knowledge-base of biochemical transformations in humans

that is not cell or tissue specific [79]. More recently, Recon 1 has been adapted to

study specific cells and tissues with the help of high-throughput data, including

the human brain [5], liver [270, 94], kidney [224], and alveolar macrophage [4].

Though many cell and tissue-specific models have been reconstructed from

Recon 1, the human erythrocyte has undeservedly received less attention as the

cell has been largely assumed to be simple. Historically, red cell metabolic mod-

els began with simple glycolytic models [271, 272]. In a fifteen year period,

the original mathematical model was updated to include the pentose phosphate

pathway, Rapoport-Luebering shunt, and adenine nucleotide salvage pathways

[273, 274, 275, 276]. More recent metabolic models have been built accounting

for additional regulatory [277] and metabolic components (e.g. glutathione [278]).

However, in the past decade, attempts to obtain comprehensive proteomic coverage

of the red cell have demonstrated a much richer complement of metabolism than

previously anticipated [279, 280, 281, 282]. Modeling the unexpected complexity

of erythrocyte metabolism is critical to further understanding the red cell and its

interactions with other human cells and tissues.

Thus, we use available proteomics to develop the largest (in terms of bio-

chemical scope) in silico model of metabolism of the human red cell to date.

Though comprehensive proteomic data provides an overview of red cell proteins, we

believe it does not provide a full functional assessment of erythrocyte metabolism.

Thus, we have also gathered 50+ years of erythrocyte experimental studies in the

form of 60+ peer-reviewed articles and books to manually curate the final model.

In order to objectively test physiological functionality, we have put the final model
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through rigorous simulation.

5.3 Results and Discussion

iAB-RBC-283 is a proteomic based metabolic reconstruction and a bio-

chemical knowledge-base, a functional integration of high-throughput biological

data and existing experimentally verified biochemical erythrocyte knowledge that

can be queried through simulations and calculations. We first describe the process

and characterize the new erythrocyte reconstruction and determine the metabolic

functionality. Then, we analyze the results by mapping genetic polymorphisms

and drug target information onto the network.

5.3.1 Proteomic based erythrocyte reconstruction

Proteomic data has been successfully used for reconstructions of Thermo-

toga maritima [97] and the human mitochondria [283] and provides direct evidence

of a cell’s ability to carry out specific enzymatic reactions. One challenge in the

measurement of proteomic data is the depth of coverage, which is still known to

be incomplete, even for studies aiming to obtain comprehensive coverage. Another

challenge is the possible contamination in the extract preparation with other blood

cells [279]. In addition, leftover enzymes from immature erythroid cells are pos-

sibly retained in mature red blood cells. With multiple comprehensive proteomic

studies carried out in the last decade, the coverage for the red cell has improved

significantly but gaps and inaccurate data still plague proteomic studies of the

erythrocyte.

Thus, in this study, we construct a full bottom-up reconstruction of erythro-

cyte metabolism with rigorous manual curation in which reactions inferred from

proteomically detected enzymes were cross-referenced with existing experimental

studies and metabolomic data as part of the quality control measures to validate

and gap fill metabolic pathways and reactions (Fig. 5.1).

The final reconstruction, iAB-RBC-283, contains a metabolic network that

is much more expansive than red blood cell models presented to date (Fig. 5.2).
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The reconstruction contains 292 intracellular reactions, 77 transporters, 267 unique

small metabolites, and accounts for 283 genes, suggesting that the erythrocyte has

a more varied and expansive metabolic role than previously recognized.

A full bottom-up reconstruction of the human erythrocyte provides a func-

tional interpretation of proteomic data that is biochemically meaningful. Manual

curation provides experimental validation of metabolic pathways, as well as gap

filling. The data can be rigorously and objectively analyzed through in silico sim-

ulation.
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Curated Metabolic Reconstruction

BA
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Figure 5.1: Workflow for building a comprehensive in silico erythrocyte
metabolic network. (A) The three major data types required are: the human
genome sequence, high-throughput data (specifically, proteomics for an enucleated
cell), and primary literature. The global human metabolic network, Recon 1, was
constructed from the human genome sequence and annotation. To build the ery-
throcyte network, iAB-RBC-283, proteomics was used to remove non-erythrocyte
related open reading frames (ORFs) or genes. Detailed curation utilizing protein,
metabolite, and transport experimental literature was needed to build a high-
quality metabolic reconstruction. (B) Without network reconstruction and rigor-
ous curation, the experimentally generated proteomic data is raw and difficult to
interpret. The process detailed in panel A provides a means to build a meaningful
knowledge-base of available high-throughput data that can then be probed and
tested.
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Figure 5.2: Topological map of the human erythrocyte metabolic net-
work (iAB-RBC-283). Utilizing proteomic data, a much expanded metabolic
network was reconstructed accounting for additional carbohydrate and nucleotide
metabolism. In addition, the erythrocyte plays roles in amino acid, cofactor, and
lipid metabolism. Abbreviations: PPP - pentose phosphate pathway, Arg - argi-
nine, Met - methionine.
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5.3.2 Functional assessment of iAB-RBC-283

In order to ascertain the functional capabilities of the expanded erythro-

cyte reconstruction, iAB-RBC-283 was converted into a mathematical model. The

expanded erythrocyte network was topologically and functionally compared to a

previous constraint-based model of erythrocyte metabolism [284] (see Supporting

Material). Predictions made by this model could be recapitulated by iAB-RBC-

283. To determine new functionalities of the expanded erythrocyte network, the

system is assumed to be at a homeostatic state and qualitative capacity/capability

simulations are done to ascertain which reactions and pathways can be potentially

active in the in silico erythrocyte. Flux variability analysis (FVA) was utilized

to determine the functional metabolic pathways of the erythrocyte network (see

Materials and Methods). FVA determines the minimum and maximum allowable

flux through each metabolic reaction [30]. In short, the FVA method defines the

bounding box on network capabilities. Reactions that had a non-zero minimum or

maximum flux value were deemed to be functional.

Network level metabolic functional assessment showed that iAB-RBC-283

accounts for additional pathways into glycolysis through galactose, fructose, man-

nose, glucosamine, and amino sugars (N-Acetylneuraminate). Galactose can also

be shuttled to the pentose phosphate pathway through glucuronate interconver-

sions. Citric acid cycle enzymes (fumarase, isocitrate dehydrogenase, and malate

dehydrogenase) are present, but we were unable to fully understand their roles as

full metabolic pathways were not present. However, fumarate can be shuttled into

the model and exported as pyruvate through conversions by fumarase and malic

enzyme.

In addition, nucleotide metabolism and salvage pathways have been ex-

panded from previous metabolic models to account for XMP, UMP, GMP, cAMP,

and cGMP metabolism. In particular, ATP and GTP can be converted into cAMP

and cGMP respectively as adenylate and guanylate cyclases were found to be

present in the proteomic data.

The erythrocyte uses amino acids to produce glutathione for redox bal-

ancing, converts arginine to polyamines and a byproduct of urea, and utilizes
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homocysteine for methylation. It has been proposed that Band III is the ma-

jor methylated protein, particularly for timing cell death [285]. This has also

been included in iAB-RBC-283. In addition, polyamine metabolism produces 5-

methylthioadenosine which can be salvaged for methionine recycling.

Another major expansion in metabolic capabilities represented in iAB-

RBC-283 is lipid metabolism. Though the mature erythrocyte is unable to produce

or degrade fatty acids, the cell can uptake fatty acids from the blood plasma to pro-

duce and incorporate diacylglyercol into phospholipids for upkeep of its membrane

[286]. A pseudo-carnitine shuttle in the cytosol is used to create a buffer of CoA for

the cell [287]. All major erythrocyte fatty acids (C16:0, C18:1, C18:2) and phos-

pholipids (phosphatidylcholine, phosphatidylethanolamine, phosphatidylinositol)

are explicitly modeled. The phosphatidylinositols can be converted into various

forms of myo-inositols, which play an extensive role in cell signaling [288].

Finally, FVA showed that the erythrocyte plays an important role in cofac-

tor metabolism. The reconstruction accounts for uptake, modification, and secre-

tion of multiple cofactors including vitamin B6, vitamin C, riboflavin, thiamine,

heme, and NAD. In addition, human erythrocytes play a role in deactivating cate-

cholamines [289], hydrolyzing leukotriene [290], and detoxifying acetaldehyde [291]

which were confirmed in the literature.

5.3.3 Metabolite connectivity

In order to compare the network structure of the in silico erythrocyte versus

other similar metabolic networks, we calculated the connectivity of each metabo-

lite [292]. Simply, the connectivity is the number of reactions that a metabolite

participates in. As a metabolite can be defined as a node in a network structure,

the biochemical reactions associated with a particular metabolite are the edges

of the network. Metabolite connectivity thus involves determining the number of

edges (reactions) connected to every node (metabolite).

We compared the in silico erythrocyte to the global human metabolic net-

work, Recon 1, as well as the separate human organelles (Fig. 5.3). A dotted line,

linking the minimum and maximum connectivities, is drawn on the distributions
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as a reference for comparing the distributions. A network with higher connectivity

would have many points above the dotted line, while lower connectivity would re-

sult in points below the dotted line. Recon 1 has most points above the reference

line (Fig. 5.3, first panel). In fact, the metabolite node connectivities for genome-

scale reconstructions usually have a distribution similar to Recon 1, highlighting

the complexity of these networks [115]. However, the organelles in Recon 1 usually

have values below the reference line, due mainly to a higher difficulty to annotate

reactions specific to an organelle. The separate organelle metabolic networks are

less connected. The exception is the mitochondria (Fig. 5.3, last panel), which is

well studied and has a very important and complex metabolic role.

The metabolite connectivity of the erythrocyte network is very similar to

the less connected organelles in Recon 1. This similarity is due to either 1) the

erythrocyte biology or 2) the lack of complete proteomic profiling. First, as the

erythrocyte circulates in blood, it has access to many types of metabolites. As

the erythrocyte is relatively simple, it is possible that the reconstructed metabolic

network is complete as different types of metabolites do not have to be created

and can easily be transported into or out of the cell (e.g. amino and fatty acids).

However, the network simplicity of the in silico erythrocyte model may also be

attributed to the limitations of proteomic techniques. As coverage of proteomic

data is typically not as complete as transcriptomics, the reconstructed metabolic

network may reflect this limitation. Thus, deeper proteomic profiling could be of

great use to further elucidate the role of the erythrocyte in systemic metabolism

and the complexity of its own metabolic network.



142

10 0 10 2 10 4
10 0

10 1

10 2

10 3

10 0 10 1 10 2 10 3
10 0

10 1

10 2

10 3

10 0 10 1 10 2 10 3
10 0

10 1

10 2

10 3

10 0 10 1 10 2 10 3
10 0

10 1

10 2

10 3

10 0 10 1 10 2 10 3
10 0

10 1

10 2

10 3

10 0 10 1 10 2 10 3
10 0

10 1

10 2

10 3

Recon 1 iAB-RBC-283

Endoplasmic Reticulum Golgi Apparatus

Lysosome Mitochondria

Metabolite number

N
um

be
r o

f r
ea

ct
io

ns

Figure 5.3: The metabolite connectivity of iAB-RBC-283, Recon 1, and
the similarly sized organelles in Recon 1. Recon 1 and the mitochondria
have high network connectivity, with many data points above the reference lines.
The erythrocyte network and other organelles have less metabolic connectivity
denoted by data point being on or below the reference lines. This characteristic
can be attributed to either 1) an inherently ‘fragmented’ erythrocyte network, or
2) incomplete proteomic coverage.
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In silico simulations show a greater physiological functionality of erythro-

cyte metabolism. The additional functionality is not evident from the proteomic

data alone. However, metabolite connectivity analysis shows that additional tar-

geted proteomics are of interest. During the manual curation steps we noted that

portions of the TCA cycle were detected but not functional. Further studies for

cysteine, folate, and phospholipid metabolism are also of interest as some enzymes

were detected in the proteomic data but little or no conclusive experimental liter-

ature was found.

5.3.4 The human erythrocyte’s potential as a biomarker

Decades of models have described erythrocyte metabolism to include prin-

cipally glycolysis, the Rapoport-Luebering shunt, the pentose phosphate pathway,

and nucleotide salvage pathways. Integration and compilation of proteomic data,

however, has surprisingly shown evidence of a much richer metabolic role for the

erythrocyte. Erythrocytes make contact with most portions of the body and are

one of the most abundant cells (about 2 liters in volume in a typical adult). With

such a varied metabolic capacity, the erythrocyte can act as a sink for and source

of metabolites throughout the body.

Erythrocytes have been previously studied as potential biomarkers for ri-

boflavin deficiency [293], thiamine deficiency [294], alcoholism [295], diabetes [296],

and schizophrenia [297], however comprehensive systems level analyses have not

been performed to date.

iAB-RBC-283 explicitly accounts for the genetic basis of the enzymes and

transporters that it represents. To determine the capability of the in silico erythro-

cyte as a potential biomarker, we cross-referenced morbid SNPs from the OMIM

and nearly 4800 drugs from the DrugBank database with the 281 enzymes ac-

counted for in iAB-RBC-283. 142 morbid SNPs were found in 90 of the erythro-

cyte enzymes. In addition, 232 FDA-approved, FDA-withdrawn, and experimental

drugs have known protein targets in the human erythrocyte (Fig. 5.4).
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Figure 5.4: To test the potential use of erythrocytes as biomarkers, we
identified the known morbid SNPs and drug targets of erythrocyte en-
zymes account for in the reconstructed network. 142 morbid SNPs were
identified with the majority dealing with non-erythrocyte related pathologies (see
Table 5.1). In addition, over 230 FDA-approved, FDA-withdrawn, and experimen-
tal drugs have known protein targets in the human erythrocyte.
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Only 35 of the 142 morbid SNPs are related to pathologies unique to the

erythrocyte, mainly dealing with hemolytic anemia. The majority of the morbid

SNPs deal with pathologies that are peripheral to the red blood cell and to the

blood system. The remaining non-erythrocyte related pathologies are classified in

Table 1 using the Merck Manual [298]. Most of the observed SNPs are causal and

simple targeted assays could be used as diagnostic tools.

We also cross-referenced the enzymes in iAB-RBC-283 with the DrugBank’s

known protein targets of pharmaceuticals. 85 FDA-approved, 4 FDA-withdrawn,

and 143 experimental drugs have known targets in the human erythrocyte. These

medications target enzymes for the treatment of a wide range of diseases including

seizures (topimarate), allergies (flunisolide), cancer (topotecan), HIV (saquinavir),

and high cholesterol (gemfibrozil). Due to the availability of erythrocytes from

any individual, drugs can be easily screened and optimized in vitro for individual

patients where the effect of the drug is known to occur in the erythrocyte.

A comprehensive listing of all observed morbid SNPs and drugs are provided

in the Supplementary Material.
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Table 5.1: Morbid SNPs with non-erythrocyte related pathologies

Causal
SNPs,
Metabolic

Causal
SNPs,
Non-
Metabolic

Correlated
SNPs

Pediatric Disorders 28 6 4
Endocrine and Metabolic
Disorders

10 2 8

Neurologic Disorders 5 2 1
Genitourinary Disorders 4 2 1
Eye Disorders 1 3 2
Musculoskeletal and Con-
nective Tissue Disorders

3 - 1

None 1 - 3
Gastrointestinal Disorders 1 - 2
Hepatic and Billary Disor-
ders

3 - -

Hematology and Oncology
Disorders

- - 2

Nutritional Disorders - - 2
Psychiatric Disorders - - 2
Cardiovascular Disorders 1 - -
Dermatologic Disorders - 1 -
Ear, Nose, Throat, and
Dental Disorders

- 1 -

Immunology, Allergic Dis-
orders

1 - -

Injuries, Poisoning 1 - -
Pulmonary Disorders - - 1
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5.3.5 Utilizing iAB-RBC-283 to develop biomarker studies

An important application of metabolic reconstructions and the resulting

mathematical models is to predict and compare normal and perturbed physiology.

We used iAB-RBC-283 to simulate not only normal conditions to study the capac-

ity of erythrocyte function, but also the detected morbid SNPs and drug treated

conditions for drugs with known erythrocyte enzyme targets. Flux variability anal-

ysis was used to characterize the exchange reactions of the network for determining

a metabolic signature in the erythrocyte for the associated perturbed conditions.

We compared the minimum and maximum fluxes through each reaction under nor-

mal conditions versus all perturbed conditions and determined differential reaction

activity (see Methods and 5.5a). Activated or suppressed flux from in silico simu-

lations provides a qualitative understanding into which metabolites and reactions

are perturbed, allowing for experimental followup.

We were able to confidently detect in silico metabolic flux changes in at least

one exchange reaction for 75% of the morbid SNPs and 70% of the drug treated

conditions (Fig. 5.5b). On average, there were 12.6 and 9.9 differential activities of

exchange reactions for morbid SNPs and drug treated conditions respectively. The

average is skewed by some morbid SNPs and drug treated conditions that have

over 45 affected exchange reactions, as most differences are detected in between

one and ten exchange reactions (Fig. 5.5b).

The morbid SNPs with greater than 45 exchange reactions with differential

activity deal mostly with glycolytic and transport enzymes that are known to

cause anemias and spherocytosis (see Supplementary Material). In addition, most

of the drug treated conditions with high numbers of differential exchange activity

correspond to drugs that have enzyme targets for the same morbid SNPs that are

known to cause hemolytic diseases.
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Figure 5.5: Flux variability of the exchange reactions can be used to
detect metabolic signatures of simulated morbid SNPs and drug treated
erythrocytes. (A) Exchange reactions are artificial reactions that allow the
mathematical model to uptake and secrete metabolites into the extracellular space.
Uptake of a metabolite into the erythrocyte is expressed as a negative value and
secretion is expressed as a positive value. There are four major differences that can
occur for an exchange reaction in two different states: i) the reaction is either active
(non-zero minimum or maximum flux) or inactive (zero minimum and maximum
flux), ii) the exchange becomes fixed in one direction (uptake or secretion only),
iii) there is a magnitude change in exchange, iv) the reaction is unaffected and is
the same for both states. (B) We detected 71% and 62% of the morbid SNPs and
drugs associated with the erythrocyte. The distribution shows that most perturbed
conditions have between one to ten differentially active exchange reactions.
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An important metabolic enzyme found in erythrocytes is catechol-o-

methyltransferase (COMT) used to methylate cathecolamines. A morbid SNP

of COMT gene has been implicated in susceptibility to schizophrenia [299]. In

silico simulations show that the associated morbid SNP erythrocyte has lowered

uptake of dopamine and norepinephrine and lowered secretion of the methylated

counterparts. Though COMT has not been shown to be causal for schizophrenia,

the morbid SNP may have an effect on the phenotype. Qualitative in silico simula-

tion of this effect can help focus experimental design on these metabolic pathways

in erythrocyte screening.

In silico simulations show that the erythrocyte can also be used as a diag-

nostic for drug treated conditions. For example, topimarate is a drug for treating

seizures and migraines and inhibits carbonic anhydrase. Inhibition of this en-

zyme during simulations showed a drastic change in 54 exchange reaction fluxes

pertaining to carbohydrate, cofactor (thiamine, pyridoxine, bilirubin), lipid, and

nucleotide metabolism. As individuals react differently to pharmaceuticals and

sometimes require different dosages and types of drugs, our analysis shows that

the red blood cell can act as a readily available diagnostic for personalizing drug

therapies.

To further investigate the diagnostic capability of the red blood cell, we

assessed the uniqueness of the metabolic signatures detected. We compared all the

metabolite signatures to see if some were shared between different SNPs or drug

treatments. In all, 67% of the metabolic signatures are unique with most of the

remaining similar to only one other perturbed condition (Table 5.2).
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Table 5.2: Uniqueness of metabolic signatures

# of conditions sharing
same met. signature

Morbid
SNPs

Drug
Treated

1 (Unique) 19 19
2 8 3
3 3 1
4 1 1
5 0 1
7 1 0
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The in silico simulation results provide a method to focus biomarker discov-

ery experiments in the human erythrocyte, as well as interpret global metabolomic

profiling. The flux variability shows that a large number of morbid SNPs and drug

effects can be detected in the erythrocyte, with most having a unique metabolic

signature. The differential activity in exchanges for the perturbed conditions allow

for focusing experiments to particular metabolites, exchanges, and associated path-

ways, allowing development of targeted assays. In addition, global metabolomic

profiling of perturbed conditions can be interpreted using the calculated metabolic

signatures and the erythrocyte reconstruction. A full listing of all detected morbid

SNPs and drug treated conditions, as well as the corresponding exchange reactions

with differential activity and fluxes is provided in the Supplementary Material.

5.4 Conclusion

The mature, enucleated erythrocyte is the best studied human cell for

metabolism due to its relative simplicity and availability. Still, the view of its

metabolism is rather limited. The advances in high-throughput proteomics of the

erythrocyte has enabled construction of a comprehensive in silico red blood cell

metabolic reconstruction, iAB-RBC-283. Proteomic data alone is not adequate

for generating an accurate, complete, and functional model. The reconstruction

was rigorously curated and validated by experimental literature sources as pro-

teomic samples are known to be incomplete, contaminated with other types of

blood cells and inactive enzymes are passed down the erythrocyte differentiation

lineage. Thus, iAB-RBC-283 is a knowledge-base of integrated high-throughput

and biological data, which can also be queried through simulations.

Functional testing showed that the new reconstruction takes into account

historically neglected areas of carbohydrate, amino acid, cofactor, and lipid

metabolism. Traditionally, the erythrocyte is known for its role in oxygen de-

livery, but the varied metabolism the cell exhibits points towards a much more

expanded metabolic role as the cell can act as a sink or source of metabolites,

through interactions with all organs and tissues in the body.
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Metabolite connectivity analysis showed that the erythrocyte metabolic net-

work is relatively simple and is similar to human organelles in network structure.

This could be due either to shortcomings of the high-throughput data or the rel-

atively simple metabolism of red cells. From our manual curation steps, targeted

proteomic studies would be useful for a few metabolic pathways: including TCA

cycle, cysteine, folate, and phospholipid metabolism.

A metabolically rich and readily available erythrocyte can be useful for clin-

ical biomarkers. To determine potential uses, we cross-referenced the enzymes in

iAB-RBC-283 with known morbid SNPs and enzymes that are reported drug tar-

gets in DrugBank. There are 142 morbid SNPs detectable in erythrocyte enzymes

with the majority dealing with non-erythrocyte related pathologies. In addition,

over 230 pharmaceuticals in the DrugBank have known protein targets in the hu-

man erythrocyte.

Utilizing iAB-RBC-283, we qualitatively detected metabolic signatures for

the majority of in silico perturbed conditions pertaining to the morbid SNPs and

drugs from DrugBank. The affected exchange reactions, metabolites, and associ-

ated pathways can be used to focus experiments for biomarker discovery as well

as interpret global metabolomic profiles.

Taken together, with available proteomic data, a comprehensive constraint-

based model of erythrocyte metabolism was developed. Genome-scale metabolic

reconstructions have been shown to be an important tool for integrating and ana-

lyzing high-throughput data for biological insight [5, 4, 300, 301]. In this study, we

show that the comprehensive metabolic network of the erythrocyte plays an unan-

ticipated, varied metabolic role in human physiology and thus has much potential

as a biomarker with clinical applications. As erythrocytes are readily available,

the proteomics and metabolomics of normal and pathological states of individuals

can be easily obtained and used for identifying biomarkers in a systems context.
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5.5 Methods

5.5.1 Reconstructing the comprehensive erythrocyte net-

work

Metabolic network reconstruction has matured into a methodological, sys-

tematic process with quality control and quality assurance steps that can be carried

out according to standardized detailed protocols [2]. The sequencing of the human

genome enabled a comprehensive, global reconstruction for all human cell types to

be carried out, with the caveat that in order to implement any context, condition,

or cell specific analysis, one would need specific data for the particular human cell

or tissue of interest.

Metabolic reconstructions contain all known metabolic reactions of a par-

ticular system. The reactions are charge and elementally balanced, with gene-

protein-reaction (GPR) annotations. GPRs mechanistically connect the genome

sequence with the proteome and the enzymatic reactions. GPRs provide a platform

for integration of high-throughput data to model specific conditions. In this study,

proteomic data was integrated with Recon 1 to build a comprehensive erythrocyte

network.

iAB-RBC-283 was reconstructed in the following manner. Proteomic data

for erythrocytes from multiple sources [279, 280, 281, 282] were consolidated and

cross-referenced with Recon 1. The proteomic data was provided in the IPI for-

mat and was converted to Entrez Gene Ids. The Entrez Ids were linked with the

Recon 1 transcripts, including alternatively spliced variants, and used to generate

a list of potential erythrocyte reactions. Reactions and pathways from Recon 1

that were present in the proteomic data were used to build an automated draft

reconstruction. However, blood cell contamination and remnant enzymes from

immature erythroid cells decrease the accuracy of algorithmically derived models

based on high-throughput data. In order to build the most complete and accu-

rate final model, the draft reconstruction was rigorously and iteratively manually

curated. In brief, manual curation involves (1) resolving all metabolite, reaction,

and enzyme promiscuity, (2) exploring existing experimental literature to deter-
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mine whether or not detected enzymes in the proteomics data are correct, (3)

determining and filling gaps in the proteomic data through topological gap anal-

ysis and flux-based functional tests. Steps 2 and 3 are an iterative process where

new biochemical data increases the scope of the network, requiring additional gap

and functional analysis as well as additional literature mining.

Thus, possible remnant enzymes, such as glycogen synthase and aspartate

aminotransferase, were properly removed when experimental validation was not

available. The manual curation process yielded 60+ peer reviewed articles and

books representing over 50 years of erythrocyte research. In addition, erythrocyte

literature sources from the Human Metabolome Database [302] were used for vali-

dating existence of unique metabolites. A full listing of literature sources for each

reaction, enzyme, and metabolite is provided in the Supplementary Material.

Fatty acid chains were not represented as generic R-groups as in Recon

1, but instead the three most common (by percent mass composition) fatty acids,

palmitic, linolenic, and linoleic (C16:0, C18:1, C18:2, respectively) were used [303].

The final reconstruction is termed iAB-RBC-283 for i (in silico), AB (the primary

author’s initials), RBC (red blood cell), 283 (number of open reading frames ac-

counted for in the network). iAB-RBC-283 consists of all the known metabolites,

reactions, thermodynamic directionality, and genetic information that the detected

erythrocyte metabolic enzymes catalyze. The final reconstruction is provided in

both an XLS and SBML format in the Supplementary Material and can also be

found at the BioModels Database (id: MODEL1106080000).

5.5.2 Constraint-based modeling and functional testing

The network reconstruction can be represented as a stoichiometric matrix,

S, that is formed from the stoichiometric coefficients of the biochemical trans-

formations. Each column of the matrix represents a particular elementally and

charge balanced reaction in the network, while each row corresponds to a particu-

lar metabolite [115]. Thus, the stoichiometric matrix converts the individual fluxes



156

into network based time derivatives of the concentrations (Equation 5.1).

dx

dt
= S · v (5.1)

As each reaction is comprised of only a few metabolites, but there are many

metabolites in a network, each flux vector is quite sparse. The stoichiometric

matrix is sparse, with 1.3% non-zero elements, and has dimensions (m n); where

m is the number of compounds and n is the number of reactions. In the case of

iAB-RBC-283, m is 342 and n is 469.

As in vivo kinetic parameters are difficult to obtain, the system is assumed

to be at a homeostatic state (Equation 5.2),

S · v = 0 (5.2)

allowing for simulation without kinetic parameters. The network fluxes (v) are

bounded by thermodynamic constraints that limit the directionality of irreversible

catalytic mechanisms (lb = 0 for irreversible reactions) as well as known vmax’s.

lb < v < ub (5.3)

Thus, the network is studied under mass conservation and thermodynamic con-

straints. In addition, constraints are placed on fluxes that exchange metabolites

with the surrounding system (the blood plasma in this case), based on existing

literature of metabolite transport in the human erythrocyte (see Supplementary

Material). These reactions are called exchange reactions and control the flow of

metabolites into and out of the in silico cell.

Flux balance analysis (FBA) is a well-established optimization procedure

[115] used to determine the maximum possible flux through a particular reaction

in the network based on the constraints on the network (Equations 5.2 and 5.3)

without the need for kinetic parameters. A primer for using FBA and related tools

is detailed by Orth et al. [15]. Publicly available software packages exist [158].

In this work, a variant of FBA, called flux variability analysis (FVA) [30],

is used. FVA iteratively calculates both the maximum and minimum allowable

flux through every reaction in the network. Reactions with a calculated non-zero
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maximum or minimum have the potential to be active and have a potential phys-

iological function. Thus, we use FVA to determine the capability/capacity of the

network reactions to determine metabolic functionality. For a reaction to have a

non-zero flux, the reaction must be linked to other metabolic reactions and path-

ways and plays a functional role in the system. Thus, potentially active reactions

are deemed as functional. After determining which reactions were functional, the

reaction list was perused to determine pathway and subsystem functionality in the

network.

5.5.3 Calculating metabolite connectivity

The stoichiometric matrices of the reconstructed erythrocyte network, Re-

con 1, and its constituent organelles were used to calculate metabolite connectivi-

ties [292] of every species in each network. The number of reactions each metabolite

participates in was summed. For the organelle calculations, only the metabolites

corresponding to the particular organelle of Recon 1 were considered. The metabo-

lite connectivity of each organelle as well as Recon 1 and iAB-RBC-283 was ranked

order from greatest to least connected to form a discrete distribution (Fig. 5.3).

5.5.4 Analyzing iAB-RBC-283 as a functional biomarker

The Morbid Map from the Online Mendelian Inheritance in Man (OMIM)

[304] and the DrugBank [305] were downloaded from their respective databases (ac-

cession date: 27/09/10). The enzyme names in iAB-RBC-283 were cross-referenced

against the database entries to determine morbid SNPs in erythrocyte proteins and

drugs with protein targets in the erythrocyte. The morbid SNPs that did not have

sole pathological effects in the erythrocyte were classified using the Merck Manual

[298].

Just as FVA can be used to assess the function of a network under a par-

ticular set of constraints, it can also be used to assess the changes in function

and thus has applications for characterizing disease states [306] and identifying

biomarkers [307]. When simulating a morbid SNP or a drug inhibited enzyme,
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the lower and upper bound constraints on the affected reaction is set to zero as

per Shlomi et al. FVA is then used to characterize the exchange reactions under

morbid SNP or drug treated conditions (Fig. 5.5a) and then compared to the

normal state. A reaction was considered to be confidently altered if the change

in the minimum or maximum flux was 40% of the total flux span. The flux span

is defined as the absolute difference between the original (unperturbed) maximum

and minimum fluxes. Potential thresholds from 5 - 60% were tested. Thresholds in

the 15 - 40% range were very consistent while thresholds above 40% had a dropoff

(see Supplementary Material).
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Chapter 6

Multi-omic data-driven

construction of personalized

kinetic models of metabolism

6.1 Abstract

Genome-wide association studies are the primary method of identifying

genetic bases of phenotypic variation. However, subtle effects are often not sta-

tistically detected and may potentially be elucidated through mechanistic mod-

eling that integrates high-throughput measurements. In this study, we present

a scalable workflow to construct data-driven, personalized kinetic models of cel-

lular metabolism. The approach is applied to characterize erythrocyte metabolic

function of 24 healthy individuals using plasma and erythrocyte metabolomics and

whole-genome genotyping, leading to three key findings. First, personalized kinetic

rate constants are more representative of the genotype than are metabolite levels.

Second, personalized differences in metabolic dynamics coincide with time-scales

of blood circulation. Third, drug perturbation simulations suggest a mechanism of

how ITPA deficiency protects patients against ribavirin-induced hemolytic anemia.

This study demonstrates the feasibility and utility of personalized kinetic models

and we anticipate that their use will accelerate discoveries in the genetic basis of

159
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human metabolic variation.

6.2 Introduction

High-throughput technologies for measuring biomolecules have made great

strides in characterizing human variation and its associated genetic basis [308,

309, 310]. The main approach to do so has been genome-wide association studies

(GWAS). GWAS have been successful in determining genetic factors for organ-

ismal traits [311, 312], molecular traits [313, 314, 315], and drug susceptibilities

[309, 316]. For metabolism, GWAS are applied to understand the genetic basis of

variation in plasma metabolites, called metabolite quantitative trait loci (mQTL)

[313, 317, 318]. In spite of these notable advances, the promised revolution in

medicine with each new omic data type has not been achieved. Physiology and

physiological responses are complex and multi-factorial, so for the gross majority

of diseases, a single data type will not be sufficient for diagnosing, prognosing, and

determining appropriate treatment. There is a need to integrate large, complex

data sets in a biologically coherent fashion in order to understand measured human

variation in mechanistic terms.

Constraint-based modeling approaches [15] have been shown to provide

deeper understanding of metabolism than high-throughput data alone [319] and ini-

tial studies of interpreting individual variation using these models are encouraging

[320, 321, 307, 322]. However, these models can only capture full loss-of-function

mutations, such as Mendelian disorders. The majority of human metabolic varia-

tion is subtler, affecting metabolite and enzyme levels, as well as enzyme activity.

Kinetic models are a more suitable mechanistic modeling approach as they can

capture metabolite and enzyme properties. Further, there is already evidence that

kinetic models and dynamic simulations can be used to interpret genetic varia-

tion and identify causal single nucleotide polymorphisms (SNPs) in a mechanistic

fashion [323, 324].

In this study, we present a scalable, multi-omic data-driven workflow to

construct personalized kinetic models of cellular metabolism. As a pilot study, the
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approach is applied to the erythrocytes of 24 healthy individuals using measured

plasma and intracellular erythrocyte metabolomics. We find that: 1) the kinetic

rate constants are more representative of the underlying genotype than the metabo-

lite levels, and 2) the majority of dynamic differences occur on time scales that

coincide with blood circulation. Finally, personalized variability to drug perturba-

tion simulations elucidated a potential mechanism for ribavirin-induced hemolytic

anemia and the protective effect of ITPA deficiency.

6.3 Results

6.3.1 Personalized kinetic modeling workflow

Traditionally, kinetic models of biochemical reaction networks are con-

structed through a biophysical approach using rate laws that require kinetic param-

eters (Michaelis constant, Km; turnover number, kcat; and enzyme concentration,

E0) derived from in vitro enzymatic assays. The need and difficulty for obtaining

kinetic parameters and their appropriateness for in vivo situations [325] limits the

scaling of traditional kinetic models to large networks, let alone applications to

a large number of individuals. An alternative to traditional kinetic models is the

Mass Action Stoichiometric Simulation (MASS) approach [326] (Fig. 6.1a). MASS

models are an approximation of the cellular dynamics in an observable homeostatic

state, and they are readily scalable to the scope of available metabolomics data

and reconstructed metabolic networks. Workflows, advantages/disadvantages, and

examples of MASS models have been previously discussed [326, 327, 328]. Briefly,

a MASS model is comprised of the network topology, derived from a metabolic

network reconstruction [2, 1], which is integrated with data types representing the

steady state of the system (Fig. 6.1a). The enzyme kinetics of the metabolic

reaction is approximated by one lumped term, the pseudo-elementary rate con-

stant (PERC). The PERC is a function of the traditional kinetic parameters. A

comprehensive mathematical comparison of MASS and rate law kinetic models

is presented in the supplementary material as well as analyses showing that in-

dividual variability is the overriding factor of dynamic simulations, not modeling
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approach (e.g. MASS models vs enzymatic rate laws).
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Figure 6.1: The Mass Action Stoichiometric Simulation (MASS) ap-
proach for building high-throughput personalized kinetic models. (A)
MASS models are an approximation of the biochemical reaction kinetics but re-
quire only omic data types for parameterization. A metabolic network recon-
struction and its computed fluxes are used for the network topology (S) and re-
action flux states (v). Equilibrium constants (Keq) are selected from experimental
measurements, where available, and group contribution theory methods. Pseudo-
elementary rate constants (PERCs) are then calculated. PERCs are bulk pa-
rameters representing the traditional kinetic parameters (Michaelis constant, Km;
turnover number, kcat; enzyme concentration, E0). (B) First, a baseline kinetic
model for the human red cell was constructed. The erythrocyte reconstruction
(iAB-RBC-283) was used for the network topology. A baseline flux state was
calculated using Markov Chain Monte Carlo (MCMC) sampling. Experimentally
measured Keqs were obtained from the NIST database and literature, while the
remaining Keqs were estimated using the eQuilibrator. Normal metabolite levels
were obtained from the literature. The computationally determined Keqs were min-
imally adjusted for linear stability of the kinetic model. (C) The baseline model
was tailored to 24 individuals’ plasma and erythrocyte concentrations determined
by LC/MS. An algorithm was used to minimally adjust the concentrations to en-
sure thermodynamic consistency. The measured metabolite concentrations were
minimally adjusted for linear stability of the kinetic models. As flux states were
not measured and vary between individuals, 300 models for each individual were
built with different flux states from MCMC sampling. The ensemble models were
filtered for linear stability.
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Figure 6.2: Overview of the human erythrocyte kinetic model and
metabolite measurements. (A) iAB-RBC-283 was pruned to pathways with
metabolites that were measured by LC/MS. The final model contained 55 trans-
port and 87 intracellular reactions encompassing subsystems such as glycolysis,
pentose phosphate, AMP/GMP metabolism, glutathione synthesis, and homocys-
teine metabolism. The model contains 169 plasma and intracellular moieties (145
of which are metabolites). 76 of the metabolites are measured for each individ-
ual. The transport and intracellular reactions are catalyzed by metabolic enzymes,
which are encoded by 158 genes. The Illumina BeadChip has 1320 SNP probes in
regions of 86 of the 158 genes. (B) Histogram of significantly different erythrocyte
metabolite concentrations for the 24 individuals (p < 0.05, Bonferroni corrected,
ANOVA). 39 of the 69 measured metabolites were significantly different between
at least two individuals. The black lines on each distribution represent the 25th,
50th, 75th quantiles. (C) Histogram of significantly different plasma metabolite
concentrations for the 24 individuals (p < 0.05, Bonferroni corrected, ANOVA).
39 of the 44 measured metabolites were significantly different between at least two
individuals. (D) Histogram of significantly different calculated pseudo-elementary
rate constants (PERCs) for the ensemble kinetic models of the 24 individuals (p
< 0.05, empirical test, >2x effect size in medians). 54 PERCs for the 143 trans-
port and intracellular reactions were significantly different between at least two
individuals.
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To build personalized kinetic models, we used the MASS approach with

the following workflow (Fig. 6.1b and Fig. 6.1c). We first built a “baseline”

MASS model representing the average metabolite concentrations of the erythro-

cyte, the cell type of interest (Fig. 6.1b). A metabolic network reconstruction of the

human erythrocyte (iAB-RBC-283 [329]), derived from deep coverage proteomic

data sets, was used. iAB-RBC-283 was tailored to the scope of the metabolomics

data (see supplementary material). The average metabolic concentrations and

equilibrium constants were determined from experimental literature and compu-

tational methods where necessary (Materials and Methods). Metabolic reaction

fluxes were determined by Markov Chain Monte Carlo (MCMC) sampling [127, 4]

of the constraint-based model, parameterized by available experimental data. Af-

ter integration of the necessary data, PERCs are calculated for all the reactions.

The final model and its characteristics are presented in Fig. 6.2a.

After constructing the baseline model, we personalized the model based on

high-throughput metabolite measurements in a fasting state for 24 healthy individ-

uals (Fig. 6.1c). Four of those individuals were measured at four total time points

across six weeks to act as negative controls. 44 plasma and 69 intracellular erythro-

cyte metabolites were measured, with 76 total metabolites intersecting with the

MASS model. We determined significantly different metabolite levels in erythro-

cytes (Fig. 6.2b) and plasma (Fig. 6.2c) between individuals. Before integration

with the kinetic model, an algorithm reconciled thermodynamic inconsistencies in

the metabolite measurements (Materials and Methods) and a personalized kinetic

model was constructed for each individual by modifying the metabolite concentra-

tions of the baseline model with the measured values of the individual in question.

The PERCs were personalized based on the imposed individual metabolite lev-

els. To this point in the workflow, the personalized models only take into account

metabolite variability. However, there may be flux variability between individuals

as well. To deal with this unmeasured uncertainty, we utilized an ensemble ap-

proach [330] where 300 candidate flux distributions were used to build 300 models

for each individual. Introducing uncertainty in the reaction flux states helps miti-

gate not measuring individual flux states and allowed us to determine significantly
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different PERCs between ensembles of kinetic models for individuals (Fig. 6.2d).

6.3.2 Model parameters reflect the genotype, and vice-

versa

The pseudo-elementary rate constant is a function of traditional enzymatic

parameters (Fig. 6.1a). The Michaelis constant (Km) and turnover number (kcat)

are kinetic properties that reflect the protein sequence, or the genetic sequence in

protein-coding exons. The enzyme concentration (E0) reflects many independent

processes including transcriptional and translation regulation, protein degradation,

and splicing regulation. Some of these processes may be reflected in the genetic

sequence in the gene region (e.g. variants in promoters, enhancers, synonymous

mutations in exons, and splice junctions), but may occur outside of these regions as

well. Due to the small sample size of the pilot study, we focused solely on genetic

variants occurring in the gene region of the metabolic genes in the constructed

erythrocyte kinetic model, thus ignoring variants further away from the gene that

may still affect enzyme concentration.

To test whether the PERCs are biologically relevant, we globally deter-

mined if significantly different PERCs (p < 0.05, empirical test, >2x effect size

in medians) between two individuals were enriched in differences of alleles in the

genetic variants in the associated gene region (Fig. 6.3a, top panel). Transporter

reactions were excluded, as computational estimation of equilibrium constants for

transporters is much less accurate than reactions within one compartment [331].

For all genetic variant types (all intron SNPs, all exon SNPs, synonymous exon

SNPs, non-synonymous exon SNPs), we found statistical enrichment, suggesting

the PERC has a heritable component. Further, we determined which reactions had

high percentages of differential PERCs in the negative controls (see supplementary

material for specific reactions). These PERCs are highly variable within the same

individual, thus having less chance to have a basis in the genotype. Filtering these

reactions from the analysis further increased enrichment levels, suggesting that

some false positives can be removed based on metabolite profiling at multiple time

points.
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Figure 6.3: Personalized kinetic metabolic can be used for genomic dis-
coveries. (A) Significantly different pseudo-elementary rate constants (PERCs)
between individuals were enriched with genotype variations in the region of the
associated genes (top panel). Further, we removed spurious PERCs determined
from our negative control study and found a higher level of enrichment (filtered
PERCs). Surprisingly, significantly different metabolite concentrations were not
enriched, and were often depleted, with genotype variations in the gene regions
whose associated reactions were directly connected to the metabolite. We next
assessed whether genotype variations were enriched with significantly different
PERCs associated with that gene (bottom panel). Though a tougher comparison
than the first, the genotype variations were enriched with significantly different
PERCs, with a higher level of enrichment using the filtered PERCs. Genotype
variations were significantly depleted with significantly different metabolites that
were directly linked to reactions associated with the genes. Note: Intron SNPs
include all non-coding variants (e.g. UTR regions). (* - significantly enriched, †
- significantly depleted, p < 0.05, binomial distribution) (B) The accuracy of the
genotype variations as predictors of significantly different PERCs was significantly
correlated (Pearson correlation) with the minor allele frequency (based on the 1000
Genomes Project) of the SNPs. This result is consistent with the notion that rare
SNPs or SNPs in conserved genomic regions have a higher propensity to be func-
tional. (C) In a targeted analysis driven by significantly different PERCs, three
SNPs in the gene region of pyruvate kinase were determined to be significantly
associated with the PERC for pyruvate kinase. One of the SNPs (rs2856929) is
located in a non-coding exon region and has been previously associated to body
mass index (BMI).
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We next determined whether differences in alleles between individuals are

enriched in PERCs (Fig. 6.3a, bottom panel). This is a much more difficult test as

most genetic variants are not functional. Enrichment levels were much lower and

variants that are synonymous or in intron regions were not significantly enriched

with PERC differences. Filtering the same reactions determined from the negative

controls, all variant types were statistically enriched.

We completed a similar analysis comparing significantly different intracellu-

lar erythrocyte metabolites (p < 0.05, Bonferroni corrected, ANOVA) with genetic

variants. The variants in gene regions associated with metabolic reactions pro-

ducing or consuming the metabolite were considered. Transporter reactions were

excluded for consistency with the PERCs analysis. Unexpectedly, significantly dif-

ferent metabolite levels were not enriched in differences of alleles (Fig. 6.3a, top

panel). Conversely, differences in alleles across individuals were also not enriched in

significantly different metabolite levels (Fig. 6.3a, bottom panel). Though PERCs

are a lumped, computationally derived approximation of the quantitative traits of

enzyme activity and concentration, they are more representative of the genotype

than metabolic quantitative traits. This is likely due to the fact that metabolite

levels are effected by multiple metabolic enzymes. Metabolite levels can vary in a

system, while the enzyme activity or concentration stays constant.

To further characterize the relationship of PERCs and genetic variants, we

found that there is a significant correlation between the accuracy of predicting

differences in PERCs with the minor allele frequency (MAF, based on the 1000

Genomes Project) of the variant (Fig. 6.3c). This result is consistent with the no-

tion that functional variants are more likely to be rare [332]. The heteroscedasticity

of the results near MAF = 0 is likely due to the small sample size of individuals

in this study.

Finally, we completed a model-driven association study. Due to the small

sample size, PERCs were only compared to genetic variants within the associated

gene region to reduce the number of multiple hypotheses. We found three signif-

icant associations of the PERC for pyruvate kinase with three SNPs in the gene

region of PKM2 (rs1037680, p = 7.6e-3; rs2856929, p = 7.6e-3; and rs4506844, p =
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3.3e-3). Of the three associated SNPs, rs2856929 is of highest interest for follow-up.

rs2856929 is a non-coding exon variant that has been previously been associated

to body mass index [333]. Using GWAVA [334], a bioinformatics tools recently

published to assess functionality of non-coding variants, rs2856929 had a relatively

high score as compared to the distribution of scores in the GWAVA study. We

were unable to detect significant associations between metabolite concentrations

and variants in gene regions of associated reactions. This lack of association is

consistent with the previous results that differences in metabolite levels are not

enriched with variations in alleles and thus larger sample sizes are needed for sta-

tistical power.

6.3.3 Temporal Decomposition

Above, we focused on statistical analyses that are commonly used in GWAS.

However, personalized kinetics models can be analyzed for mechanistic and phys-

iological insights that are not fundamentally possible with traditional studies of

human variation. Specifically, we analyzed the individual variability in network dy-

namic responses of the erythrocyte by assessing the properties of the personalized

Jacobian matrices [335].

There is a dual set of Jacobian matrices (a flux component and a metabolite

component) and they describe the network dynamics near the homeostatic refer-

ence state [336]. Using a similarity transformation, the Jacobian matrix can be

decomposed into their independent dynamic components (modes) and their eigen-

values [337]. The modes are expressed either as fluxes or metabolites, depending

on which Jacobian matrix is decomposed. The eigenvalues derived from the simi-

larity analysis of the dual Jacobian matrices are the same. The eigenvalues are the

negative reciprocal of the time constants that the modes operate on. Decomposing

the ensemble metabolic models, there were 105 total modes, or systemic dynamic

components, in all the personalized models.
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Figure 6.4: Time scale decomposition of the ensemble kinetic models
elucidated personalized systemic variations at specific time scales. The
kinetic models were temporally decomposed using the Jacobian and modal ma-
trices. The vectors of the modal matrix represent the dynamically independent
variables of the system, while the eigenvalues are the time scales on which the
vectors act. (A) The majority of differences in time scales between ensemble mod-
els of different individuals occurred on the order of seconds. The time scale of
variability in dynamics coincides with the physiological time scales of blood circu-
lation (around 1 min). Repeating the analysis with the negative controls did not
yield such a specific response. (B) Metabolic reactions can be aggregated based
on the time scales that they coordinate their activity. The first two time scales
are shown. For example, aldolase (FBA) and triosephosphate isomerase (TPI) are
very fast reactions, operate near equilibrium, and begin coordinating in the first
time scale (around 1 ms). These two reactions then begin coordinating with the
rest of lower glycolysis in the second time scale (around 1 sec). The second time
scale (around 1 sec) is of interest as the major variability between individuals was
seen here. Important metabolic pathways begin aggregating on this scale including
lower glycolysis, pentose phosphate pathway (oxidative and non-oxidative), AMP
metabolism, glutathione recycling, and methionine salvage.
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To assess the systemic dynamic components, we determined which time con-

stants were significantly different between individuals (p < 0.05, empirical test).

Surprisingly, almost all pair-wise differences in the time constants occurred be-

tween one second and one minute (Fig. 6.4a). Coincidentally, circulation of ery-

throcytes occurs in about a minute, suggesting that key metabolic functions during

the oxygenation and deoxygenation process represent the main variation between

individuals’ erythrocytes. The time constants that were differential in this region

ranged from 1.12 seconds to 32.7 seconds. The majority of pairwise differences

were in time constants ranging from 2.62 to 3.90 seconds. The median effect size

of time constant differences was 14.5%, with effect sizes as large as 150%. We de-

tected almost no changes in larger time constants and only a few in the sub-second

time scale. To ensure that the results were not artifacts of the experimental or

computational methods, we repeated the temporal decomposition with the neg-

ative controls. Results from the negative controls (see supplementary material)

did not have the same specific difference as seen between individuals, suggesting

that systemic dynamic differences of erythrocytes between individuals occurs on

the physiologically relevant time-scale of blood circulation.

Next, we determined what are the dynamic flux components of the modes

that operate on each of the separate time scales (ms, sec, min, hr, day) to ascertain

what fluxes comprise the individual variation seen in the time constants. A pre-

viously published method [337] was applied to determine when individual fluxes

aggregate or coordinate their activities on the separate time scales based on the

modes. The first two time scales are shown in Fig. 6.4b as by the longer time

scales, most of the reactions had aggregated into one large group. The first time

scale (around 1 ms) is the coordination of very fast reactions near equilibrium, such

as isomerases (PGI, TPI, RPI). The second time scale (around 1 sec), where most

individual variation was detected, is characterized by the coordination of fluxes

into parts of key erythrocyte pathways. In particular, the coordinated activity of

lower glycolysis, the oxidative PPP, glutathione oxidation and reduction is formed

on this time scale.
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Figure 6.5: Dynamic simulations with the ensemble personalized kinetic
models predisposition factors to ribavirin (RBV) induced hemolytic ane-
mia. (A) RBV is an anti-viral, which is used to treat hepatitis C and has a com-
mon side effect of dose-dependent non-immune mediated hemolytic anemia. The
generally accepted mechanism for this side effect is that erythrocytes import and
phosphorylate the drug, but cannot dephosphorylate it. This leads to a deple-
tion of the cellular phosphate and ATP levels, making the cell prone to oxidative
damage. We added reactions to each of the ensemble kinetic models describing
this RBV mechanism and iteratively simulated an increasing dosage of RBV (up
to 3x the dosage) to determine the plasma concentration at which the models
could no longer return to a steady state. (B) A robust classification tree was
constructed to determine factors (PERCs) that predispose models whether or not
to return to a steady-state. High PERCs for phosphoglycerate kinase (PGK) and
adenine transport were identified as the factors of susceptibility to RBV. (C) The
ATP/ADP ratio in erythrocytes plays a potential role to susceptibility to RBV in-
duced hemolytic anemia. ITPA deficiency is a well-documented protection against
RBV induced hemolytic anemia. The association of ATP/ADP ratio to the highest
associated variant with protection (rs6051702) is shown. The empirical p-value is
0.0257 suggesting that the sample size is the primary issue for lack of significance.
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6.3.4 Dynamic simulations for understanding ribavirin sus-

ceptibility

A unique aspect of personalized kinetic models is the ability to simulate per-

sonal dynamic responses to perturbation. Briefly, we found significant differences

in individual responses to a change in erythrocyte redox ratios (see supplementary

material). We leveraged the personalized simulation capability to study the indi-

vidual response to ribavirin (RBV), an anti-viral drug commonly used for treating

the hepatitis C virus. A common side effect of RBV is dose-dependent non-immune

mediated hemolytic anemia [338]. The mechanism generally accepted for this side

effect is that RBV can be phosphorylated in the erythrocyte, but cannot be de-

phosphorylated. This mechanism can cause accumulation of over 1 mM of RBV

and its phosphorylated forms (RMP, RDP, RTP) in erythrocytes [339], draining

over 2 mM of inorganic phosphate. Curiously, individuals with ITPA deficiency,

the inability to hydrolase ITP to IMP, are protected from this side effect [316].

ITPA deficiency has no known clinical phenotype and is marked with a buildup of

ITP in erythrocytes (roughly 0.2 mM) [340], a metabolite that is not detected in

normal erythrocytes.

We added the necessary kinetic reactions into each model to describe phos-

phorylation of RBV (see supplementary material). Initial simulations of drug load

on the baseline model showed that simulated dynamic changes were in accordance

with RBV stimulation in vitro [341]. Using dynamic simulations, we then deter-

mined at which plasma RBV concentration (up to 3x the typical plasma RBV

concentration [342]) the personalized models were unable to return to a steady

state due to drug load (Fig. 6.5a). Most individuals (22) were non-responders, as

the ensemble models for those individual were able to handle RBV at the typical

dosage. However for two of the 24 individuals examined, a large portion of their

ensemble models were unable to handle a typical RBV load and based on the simu-

lations, those individuals would have the side effect. The simulated incidence rate

(8.3%) is in accordance with the percent of RBV patients (n = 1184) during Phase

III clinical trials [343] that had RBV dosage reduced (7.4%), discontinued (0.3%),

or received transfusions (0.1%). Further, eight individuals were heterozygous and
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1 individual was homozygous for the variant (rs60517029) highest associated with

ITPA protection against RBV induced hemolytic anemia. All nine of these indi-

viduals were in the non-responder group.

To determine if there was an underlying predisposition to RBV induced

hemolytic anemia, we used classification trees with PERCs as predictors to classify

non-responders versus responders. A robust classifier was built (Materials and

Methods) to separate non-responders and responders (Fig. 6.5b). The classifier

indicated that high PERCs for phosphoglycerate kinase (PGK, the first reaction

of ATP production in glycolysis) and adenine transport are a potential reason for

RBV induced hemolytic anemia. The classifier was supported by the fact that

previous clinical studies had identified individuals with hemolytic anemia that had

high glycolytic rates and high adenine catabolism [344]. A high glycolysis rate

and a high adenine catabolism rate allow for quicker access of RBV to ATP and

increasing the RBV phosphorylation rate. Thus, predisposition to RBV induced

hemolytic anemia may be due to the dynamic nature of the system and its inability

to adapt to high rates of RBV phosphorylation in certain individuals.

We next determined if protection by ITPA deficiency is related to the iden-

tified classifiers. One of the predisposition factors, the PERC of PGK and high

glycolytic rates, is dependent on a high cellular ATP/ADP ratio. ITPA deficiency,

which leads to a build of ITP in erythrocytes, is in effect sequestering phosphate

from the total phosphate pool. Changing the phosphate pool has been shown to

affect the ATP/ADP ratio [345] and a sequestering of phosphate in ITP could

potentially lower the ATP/ADP ratio. We found that the ATP/ADP ratio was

modestly associated (p = 0.0591) with rs6051702 (Fig. 6.5c). The empirical p-

value (0.0257) suggests that the small sample size is the main reason for the modest

association. Thus, lowered ATP/ADP ratio due to a smaller phosphate pool may

play a role in ITPA deficiency protection from RBV induced hemolytic anemia.
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6.4 Discussion

We have developed a metabolomics-driven, automated approach to con-

struct personalized kinetic models in a fashion scalable to thousands of individ-

uals. To our knowledge, this approach represents the first mechanistic attempt

to bridge the variation in dynamic responses of human metabolism in a cell type

with the underlying genotype utilizing high-throughput data. The approach can

be extended to any cell type where metabolomics data can be procured. Our ap-

proach is an alternative to the traditional statistically, and often univariate, based

GWAS. The results have two main implications for accelerating discoveries in the

genetic basis of human metabolic variation and personalized medicine.

First, determining mQTLs are the primary method to study the genetic

basis of human metabolic variation. Our analysis shows that the PERC, an ap-

proximation for enzyme activity and abundance, is more representative of the

genotype than metabolite concentrations alone. Metabolite levels are a conse-

quence of the many enzymes that act upon them and do not directly represent

the genotype. This suggests that more associations with enzyme activities can be

found than mQTLs in larger studies as the PERCs better represent the subtleties

in human variation. Further, it is conceivable that the combination of the two

approaches (PERC and mQTL) could yield additional systemic insights into how

multiple metabolic enzymes affect metabolite buildup or depletion. We anticipate

that scale-up of this approach to sample sizes more typical of GWAS will lead to

many new discoveries in genomics for cellular metabolism.

Second, a unique feature of personalized kinetic models is the ability to

simulate the dynamic responses of individuals and elucidate subtle but consequen-

tial variations. A model-driven analysis aided us to propose a novel mechanism

for predisposition of RBV induced hemolytic anemia. The mechanism is consis-

tent with the protective properties of ITPA deficiency. An alternative mechanism

has been proposed [346], but the conditions under which those in vitro experi-

ments were done are not physiologically relevant. Further, clinical phenotypes of

other drugs and deficiencies are not consistent with the alternative mechanism (see

supplementary material). Follow-up of our mechanism with larger populations is
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needed to see if the ATP/ADP ratio in erythrocytes is in fact a major determinant

of RBV induced hemolytic anemia susceptibility. An otherwise clinically irrelevant

buildup of ITP in erythrocytes might cause a subtle but systemic change in phos-

phate levels, the ATP/ADP ratio, and glycolytic rates offering protection against

RBV induced hemolytic anemia. This proposed mechanism is both systemic and

dynamic in nature, which highlights the utility of personalized kinetic models for

pharmacodynamics.

6.5 Materials and Methods

6.5.1 Study sample

University of California, San Diego IRB approval was obtained for Project

Number 111100X permitting the voluntary acquisition and subsequent analysis

of blood from healthy volunteers via peripheral venipuncture. 24 individuals (16

male, 8 female) who identified themselves as healthy, without any known chronic

medical conditions, provided written informed consent and provided venous blood

samples for the purpose of plasma and erythrocyte metabolite profiling as well as

SNP genotyping in a morning fasted state (a minimum of eight hours). Four of

the individuals (Individuals #1-4) were sampled for metabolite profiling four times

across six weeks as negative controls (e.g. week 0, 1, 4, and 6). Their final time

point is used in the comparisons against the other 20 individuals.

6.5.2 Data Preparation

Two vials of blood (8 mL) were drawn from each individual. The first

vial (included in PAXgene blood DNA kit, Qiagen, Germantown, MD) was sub-

sequently used for DNA extraction and SNP genotyping using the kit’s proto-

cols. The Illumina Infinium HumanOmniExpressExome BeadChip was used for

SNP genotyping. The UCSD IGM Genomics Center (http://igm.ucsd.edu/core-

services/) completed all analyses and made the final SNP calls.

The second vial, containing heparin anticoagulant, was immediately placed
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on ice for metabolite extraction. The vial was split into two for plasma and intra-

cellular erythrocyte metabolite extraction. Erythrocyte samples were centrifuged

at 1000g for 2 min at 4C. 25 uL of packed red cells were aliquoted with 25 uL of

internal standards (see next section) and 450 uL of -80C methanol (80%) in a 1.5

mL tube. Tubes were immersed in liquid nitrogen until frozen to lyse the cells.

After thawing in a water bath at room temperature, tubes were centrifuged at

15800g for 15 min at 4C. The supernatant was retained for metabolite profiling.

Concurrently, plasma samples were centrifuged at 3000g for 20 min at 4C. 100

uL of plasma was aliquoted with 35 uL of internal standards and 365 uL of -80C

methanol (80%) in a 1.5 mL tube. Tubes were centrifuged at 15800g for 15 min

at 4C. The supernatant was retained for metabolite profiling and stored at -80C.

Samples were later lyophilized and reconstituted in water and ran at the nomi-

nal concentration and at a ten-fold dilution to account for the large concentration

range of intracellular metabolites. Metabolite samples were prepared in triplicate.

Across all samples, 2.8% and 4.0% of the erythrocyte and plasma metabolomes,

respectively, were not measured. These values were imputed using a K-nearest

neighbor searching, using a weighted average of the five nearest neighbors. This

imputation approach has been previously shown to yield high quality results for

metabolomics [347].

6.5.3 Metabolite profiling: standards, instrumentation, ac-

quisition, and quantification

Standards were purchased from Sigma-Aldrich (St. Louis, MO) or Santa

Cruz Biotechnology (Dallas, TX). LC-MS reagents were purchased from Honeywell

Burdick Jackson (Morris Township, NJ). Metabolically labeled internal standards

were synthesized as described previously [348]. Calibrator standards were gener-

ated from stock solutions freshly prepared or kept in -80C for no longer than 3 days.

Calibrator standards were combined into mixtures and aliquoted and lyophilized

to dryness and stored in -80C. Aliquots were reconstituted in water and serially

diluted to generate a calibration curve that spanned the lower and upper limits of

detection for each compound.
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A XSELECT HSS XP 150 mm 2.1 mm 2.5 um (Waters Corporation, Mil-

ford, MA) with an UFLC XR HPLC (Shimadzu Scientific Instruments, Columbia,

MD) was used for chromatographic separation. Mobile phase A was composed of

10 mM tributylamine (TBA), 10 mM acetic acid (pH 6.86), 5% methanol, and

2% 2-propanol; mobile phase B was 2-propanol. Oven temperature was 40C. The

chromatographic conditions are as follows: 0, 0, 0.4; 5, 0, 0.4; 9, 2, 0.4; 9.5, 6,

0.4; 11.5, 6, 0.4; 12, 11, 0.4; 13.5, 11, 0.4; 15.5, 28, 0.4; 16.5, 53, 0.15; 22.5, 53,

0.15; 23, 0, 0.15; 27, 0, 0.4; 33, 0, 0.4;(Total time [min], Eluent B [vol.%], Flow

rate [mL/min]). The autosampler temperature was 10C and the injection volume

was 10 uL with full loop injection. An AB SCIEX Qtrap 5500 mass spectrometer

(AB SCIEX, Framingham, MA) was operated in negative mode. Electrospray ion-

ization parameters were optimized for 0.4 mL/min flow rate, and are as follows:

electrospray voltage of -4500 V, temperature of 500C, curtain gas of 40, CAD gas

of 12, and gas 1 and 2 of 50 and 50 psi, respectively. Analyzer parameters were

optimized for each compound using manual tuning. The instrument was mass

calibrated with a mixture of polypropylene glycol (PPG) standards.

Samples were acquired using the scheduled MRM pro algorithm in Analyst

1.6.2. The acquisition method consisted of a multiple reaction monitoring (MRM)

survey scan coupled to an information dependent acquisition (IDA) consisting of

an enhanced product ion (EPI) scan for compound identity confirmation. Samples

were quantified using IDMS39, 40 with metabolically labeled internal standards

and processed using Multiquant 2.1.1. Linear regressions for compound quanti-

tation were based on peak height ratios and the logarithm of the concentration

of calibrator concentrations from a minimum of four consecutive concentration

ranges that showed minimal bias. A peak height greater than 1e3 ion counts and

a signal-to-noise ratio greater than 20 were used to define the lower limit of quan-

titation (LLOQ). Quality controls and carry-over checks were included with each

batch. Due to the number of biological isomers, the integration of each compound

is manually checked.
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6.5.4 Constraint-based model construction and flux calcu-

lations

The human erythrocyte metabolic model was updated using the COBRA

Toolbox v2 [127] for Matlab (MathWorks, Natick, MA). Model changes included

removing reactions that were in pathways whose metabolites were primarily out-

side of the scope of the metabolomic measurements. Further, we added reactions

to the network based on the additional scope contained in the metabolomics mea-

surements and a recently published proteomic data set [349]. The supplementary

material details specific changes to the model. Literature sources (see supplemen-

tary material) were used to set transport fluxes of metabolites into and out of the

model, as well as flux rates of NADH and ATP usage, catalase activity, and flux

ratio splits. Lower and upper bounds for these fluxes were set as the mean +/-

standard deviation, where available. Otherwise, flux bounds were set as 75% to

125% of the mean. Markov Chain Monte Carlo (MCMC) sampling [127, 4] was

used to determine candidate flux states, or sample points, for the erythrocyte. 5000

sample points were computed and the mean was used as the initial flux state used

to build the baseline model. Later, 300 of the 5000 sample points were randomly

chosen to build the ensemble models. The MCMC approach is “un-biased” as no

objective function is required.

6.5.5 Kinetic model construction

Kinetic model construction, temporal decomposition, and dynamic sim-

ulations were completed with the MASS Toolbox (http://sbrg.github.io/MASS-

Toolbox/) for Mathematica (Wolfram, Champaign, IL). The MASS modeling ap-

proach and the workflow for building the models have been previously documented

[326, 327]. The constraint-based model and the associated fluxes calculated by

MCMC sampling were imported from Matlab into Mathematica. Initial metabolite

concentrations were set based on literature sources. Plasma concentrations were

assumed to be constant during simulations and temporal decomposition. Concen-

tration data for some of the metabolites was not available and was set based on



185

a concentration sampling of thermodynamically feasible ranges. We modified the

constraints of the MCMC sampling algorithm used for calculating candidate flux

distributions in order to calculate candidate concentrations that are thermody-

namically feasible (Equation 6.1). The known concentrations were fixed and the

remaining concentrations were calculated. The highest probability concentrations

were chosen.

ST · log(x) ≤ log(Keq) if v > 0

ST · log(x) ≥ log(Keq) if v < 0

lb = ub = xknown

(6.1)

Equilibrium constants were set based on experimental mea-

surements, where available, or group contribution methods [350]

(http://equilibrator.weizmann.ac.il). Equilibrium constants for transport re-

actions were set based on a previous method [331]. Literature sources for

metabolite concentrations and equilibrium constants are provided in the sup-

plementary material. Linear stability was assessed by calculating the Jacobian

matrix of the kinetic model and checking that the eigenvalues were all negative or

zero within a tolerance of 10−15. To achieve linear stability of the baseline model,

the computationally determined equilibrium constants were varied up to three

orders of magnitude and the eigenvalues of the Jacobian matrix were re-calculated

to determine the minimal adjustment needed for a stable kinetic model.

The internal standards were used to relatively quantify the plasma and

erythrocyte concentrations and the mean concentration of a metabolite across all

samples was assumed to be the baseline concentration. Measured plasma and ery-

throcyte concentrations were minimally adjusted using the following QP problem

to ensure thermodynamic consistency (Equation 6.2). Γ is the mass action ratio.

x0 and Γ0 are the baseline model concentrations and mass action ratio. ε was set

to 10% of the difference of Γ and Keq. This ensures that the calculated PERC in

later steps is not infinity or negative infinity.
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min(log(x/x0))2 + (log(Γ/Γ0))2

ST · log(x) ≤ log(Keq)− ε if v > 0

ST · log(x) ≥ log(Keq) + ε if v < 0

log(0.5) ≤ log(x/x0) ≤ log(1.5)

(6.2)

After integration of the individual metabolite data, the measured metabo-

lite concentrations were varied up to an order of magnitude and the eigenvalues of

the Jacobian matrix were re-calculatd to determine the minimal adjustment needed

for a stable kinetic model. Once stabilized, 300 ensemble models were built for

each individual model and the baseline model using MCMC sample points. The

models were filtered based on their ability to simulate to a steady-state due to a

perturbation by decreasing the ATP concentration by 5% and increasing the ADP

concentration by that amount. The number of stable models varied for each indi-

vidual from 62 to 287 models, with 48 flux states having a stable kinetic model for

all individuals and the baseline. The 48 models for each individual were utilized

in the study.

6.5.6 Temporal decomposition

Temporal decomposition was accomplished by applying a similarity trans-

formation to the Jacobian matrix (J = MΛM−1) to determine the modal matrix

(M−1)[337]. The modal matrix separates the dynamically independent motions of

the kinetic model into separate modes. Λ is a diagonal matrix of the eigenvalues of

J, which are the negative reciprocal of the time constants or scales of the modes.

To determine the aggregation of reaction fluxes across different time scales, a pre-

viously developed method was used [337] with a correlation coefficient threshold

of 0.85.

6.5.7 Statistical analysis for targeted associations

A linear regression model was used for comparing medians of PERCs (log2

transformed) to SNPs only within the associated gene regions. Only SNPs with
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at least two individuals having homozygous minor alleles were considered. The

median PERC value from the ensemble models was utilized for the regression. A

Bonferroni correction was applied to the number of multiple hypotheses for each

PERC. For example, the pyruvate kinase PERC had four possible genetic variants

to test, thus the threshold is 0.0125 (0.05/4).

6.5.8 Statistical analysis for dynamic simulations

For the redox simulations (see supplementary material), significantly differ-

ent responses between individuals during dynamic simulations were determined on

the basis of the intra-variability between the 48 ensemble models of an individual

and the inter-variability between the ensembles of two individuals. Simulations

were run from time 0 to 1e6 hr, a time point well beyond when all of the mod-

els had returned to a steady state. Mathematica outputs interpolating functions

from the ODE simulator. The interpolating functions were discretized at 100 time

points from 1e-6 hr to 1e6 hr. The distance metric for comparing two discretized

time profiles (x1 vs x2) used for this calculation is a classical distance metric for

kinetic model simulations (Equation 6.3). An empirical test was used for signif-

icance (p < 0.05). Before each distance calculation, the two time profiles were

scaled so that the initial condition of the variables were the same, so that the dis-

tance metric was a test of the perturbation response, not the absolute difference

between individuals.

∑(
x1(t)− x2(t)

x1(t)

)2

(6.3)

6.6 Acknowledgements

We would like to thank all the individuals who donated blood for this

project. We would also like to thank Dr. Nathan Lewis, Jonathan Monk, and Ali

Ebrahim for valuable discussions, as well as Andreas Draeger for standardizing the

kinetic models for SBML. This work was supposed by NIH grant GM068837.



188

Chapter 6 in part is from a manuscript that is being prepared for publica-

tion Bordbar A, McCloskey D, Zielinski D, Sonnenschein N, Jamshidi N, Palsson

BO. Multi-omic data-driven construction of personalized kinetic models. The dis-

sertation author was the primary author.



Chapter 7

Conclusions

7.1 Recapitulation

In this thesis, I have advanced computational methods for understanding

cellular processes utilizing high-throughput omic data. A mechanistic, bottom-up

approach is utilized where the underlying biochemistry of the cellular processes

are explicitly defined in genome-scale models. Next, comprehensive measurements

of biomolecules, or omic data, is deeply analyzed through integration with the

constructed mechanistic models. The cellular processes investigated in this thesis

span various scales from the fine-grain (e.g. metabolic pathways), to the com-

prehensive (e.g. whole metabolic networks), and to cellular dynamics. The work

presented has implications in the research fields of immunometabolism, personal-

ized genomics and pharmacodynamics, and general biological data analysis using

biological pathways.

7.2 The Prospect of Genome-Scale Science

Gregor Mendel described discrete quanta of information traveling from one

generation to the next, which determines the form and the function of an organ-

ism. Subsequently, Wilhelm Johannsen formulated the concept of a gene as the

quanta of information, which led him to the definition of genotype and phenotype.

Since then, a major goal of biology has been the quantitative description of the

189
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fundamental genotype-phenotype relationship.

The push in the quantitative biological sciences to understand macroscopic

properties from microscopic measurements has parallels to the elucidation of fun-

damental principles in physics some hundred years ago (Fig .7.1). For example,

the Einstein-Smoluchowski relation is a model for Brownian motion that quantita-

tively predicts properties of diffusion. Although the theory was an approximation

of the physical processes [351], it has been applied and has helped to develop more

sophisticated models. The work in this thesis and other recent developments in

this field of research suggests that the life sciences have now reached a point at

which many aspects of the genotype-phenotype relationship for metabolism can

be quantified and used to build mechanistic models that allow meaningful biolog-

ical predictions to be made. The formulation of high-dimensional models that are

required to compute full molecular phenotypes are enabled by genome sequencing

technology, which allows the generation of a cellular parts list; by various omic data

types, which allows a functional readout of these parts; and by mechanistic model-

ing frameworks that are amenable to reconciling omic data, network structure and

knowledge from primary literature. The successes of this field demonstrate that

constraint-based modeling is an approach that enables the genome-scale study of

metabolism.
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Figure 7.1: Physical and biological models to describe macroscopic prop-
erties of microscopic measurements.
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7.3 Future

As with any modeling framework, the mathematical theory and the appli-

cations of constraint-based modeling will continue to be challenged and refined,

thus improving our interpretation of biological phenomena. We foresee progress to

unfold in several major directions. First, constraint-based modeling has mainly fo-

cused on metabolism, and more integrative modeling approaches must be explored.

Trends in current literature [99, 100, 352] indicate that other cellular processes may

be modeled using alternative frameworks that are better suited for a particular bio-

logical phenomena. Statistical approaches are also powerful for modeling biological

processes that are poorly understood. Integrating other approaches with CBMs

of metabolism can expand the scope of quantitative prediction. Second, the ma-

jority of applications of CBMs have been for single-cell organisms. We see two

areas of application into which CBMs are likely to expand: human disease and

the microbiome. Although the human reconstruction (that is, Recon 1) is far from

complete, the cancer drug target studies showed that quantitative predictions are

still possible. With the availability of the second build (that is, Recon 2 [353]),

we foresee greater applied uses in human disease. There has also been a steady

increase in the amount of omic data of the human microbiome, and CBMs will

have an important role in analysing these complex data sets [354, 355]. Third,

the underlying assumptions and methods for constraint-based modeling analyses

will continue to evolve as more data types become available. Similarly to the

testing of optimality assumptions of FBA, other key assumptions of CBMs will

be tested in the next few years. For example, with the increasing availability

of time-course metabolomics, the steady-state assumption can be bypassed and

concentration changes can be explicitly modeled. Rather than assuming constant

internal metabolite levels, these concentrations can be directly measured over a

time course in an experiment and the rate of change can be integrated explicitly.

In addition, the increasing availability of genomic data and sophisticated models

for the interpretation of these data will allow explicit description and integration

of the dependence of genomic sequence on gene expression, protein synthesis and

protein structures for metabolic reactions in CBMs. We anticipate that these de-



193

velopments will enable even greater growth in the diversity of predictions and in

the biological discoveries that are achievable by using constraint-based modeling.
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Sanz P, Cascante M, Boscá L (2010) Substrate fate in activated macrophages:
a comparison between innate, classic, and alternative activation. The Journal
of Immunology 185: 605–614.

[229] Edwards JS, Palsson BO (2000) Robustness analysis of the escherichiacoli
metabolic network. Biotechnology Progress 16: 927–939.

[230] Newsholme P, Rosa L, Newsholme E, Curi R (1996) The importance of fuel
metabolism to macrophage function. Cell biochemistry and function 14: 1–
10.

[231] Murphy C, Newsholme P (1998) Importance of glutamine metabolism in
murine macrophages and human monocytes to l-arginine biosynthesis and
rates of nitrite or urea production. Clinical Science 95: 397–407.

[232] Baydoun A, Bogle R, Pearson J, Mann G (1993) Arginine uptake and
metabolism in cultured murine macrophages. Agents and Actions 38: C127–
C129.

[233] Yeramian A, Martin L, Arpa L, Bertran J, Soler C, McLeod C, Modolell M,
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