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Article history: The formation of any complex phenotype involves a web of metabolic pathways in which one chemical is
Accepted 10 April 2013 transformed through the catalysis of enzymes into another. Traditional approaches for mapping quantitative

Available online 17 April 2013 trait loci (QTLs) are based on a direct association analysis between DNA marker genotypes and end-point

phenotypes, neglecting the mechanistic processes of how a phenotype is formed biochemically. Here, we

1522/ t‘/gfr:gsr;lapping propose a new dynamic framework for mapping metabolic QTLs (mQTLs) responsible for phenotypic forma-
QIL tion. By treating metabolic pathways as a biological system, robust differential equations have proven to be a
Metabolic system powerful means of studying and predicting the dynamic behavior of biochemical reactions that cause a
Differential equations high-order phenotype. The new framework integrates these differential equations into a statistical mixture
Mixture model model for QTL mapping. Since the mathematical parameters that define the emergent properties of the met-

abolic system can be estimated and tested for different mQTL genotypes, the framework allows the dynamic
pattern of genetic effects to be quantified on metabolic capacity and efficacy across a time-space scale. Based
on a recent study of glycolysis in Saccharomyces cerevisiae, we design and perform a series of simulation stud-
ies to investigate the statistical properties of the framework and validate its usefulness and utilization in
practice. This framework can be generalized to mapping QTLs for any other dynamic systems and may stim-
ulate pharmacogenetic research toward personalized drug and treatment intervention.
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1. Introduction

The formation of any complex traits or diseases occurs in a series of
— building blocks of cellular processes, involving metabolic pathways or
" This review is part of the Advanced Drug Delivery Reviews theme issue on “Mathe- protein—protein interaction networks [1 ] Metabolomics, an emerging

matical modeling of systems pharmacogenomics towards personalized drug delivery”.
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E-mail addresses: cwang68@jhmi.edu (C. Wang), rwu@phs.psu.edu (R. Wu). and for diagnosis of disease [2,3]. For example, by studying granular
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metabolic pathways, which reflect biological responses to exogenous
and endogenous factors, the molecular mechanisms of cardiovascular
diseases can be better uncovered [4]. It has been recognized that meta-
bolic profiles of the neonate, in terms of levels of amino acid, organic
acid and fatty acid oxidation metabolites, are associated with obesity,
diabetes and cardiovascular disease in adulthood through metabolic
programming [2].

The phenotypes of metabolites and their associations with disease
phenotypes may be controlled by genes [2,5,6]. Therefore, the eluci-
dation of the underlying genetic architecture of metabolic traits
predisposing to diseases can enhance our understanding of the genet-
ic regulation of complex metabolic networks. Genetic mapping by
linking molecular markers and trait phenotypes in segregating popu-
lations has been instrumental for identifying the genetic determi-
nants of metabolic profiles, known as metabolic quantitative trait
loci (mQTL), in a relation to particular traits or diseases [7-9]. Tradi-
tional strategies for mQTL mapping are based on a direct association
analysis between marker genotypes and end-point phenotypes. It is
likely that these strategies affect our statistical inference about the
dynamic regulation of mQTL, given that metabolic responses and
fluxes respond to various environmental or physiological stimuli in
a dynamic matter [10,11].

More recently, a more powerful mapping strategy has been devel-
oped for genetic mapping of complex traits by dissolving the pheno-
type of a trait into its developmental, physiological, anatomical or
biochemical components and further mapping QTLs involved in coor-
dination and organization among a web of interactive components
[12]. This strategy, called systems mapping, capitalizes on a system
of differential equations to specify the dynamic behavior of pheno-
typic formation as a biological system. Compared to traditional static
mapping for a steady state, systems mapping possesses several
unique advantages: first, it maps and studies the genetic architecture
of complex traits from their underlying mechanistic processes and
pathways, with results being biologically more meaningful; second,
it makes full use of mathematical equations to simplify the complex-
ity of trait formation into key tractable elements, enhancing the
statistical power of QTL mapping; and third, it allows various hypoth-
eses about the interplay between genes and development to be for-
mulated and tested in a quantitative way. Systems mapping has
been employed for genetic mapping in a variety of biological phe-
nomena from biomass allocation [13] to circadian rhythm [14,15] to
viral dynamics [16].

In this article, we develop a new dynamic framework for mapping
mQTLs that control metabolic pathways within the context of systems
mapping. For a particular metabolic pathway, one chemical is
transformed through the catalysis of enzymes into the other which
may further form a new chemical. We use a system of ordinary differen-
tial equations (ODEs) to describe and quantify this process, aimed to in-
vestigate how different metabolites function synergistically to produce
a desirable final phenotype. We implement ODE aspects of metabolic
pathways into a statistical mixture model in which a mixture compo-
nent is represented by an mQTL genotype. Since the mathematical pa-
rameters that define the emergent properties of the metabolic system
can be estimated and tested for different mQTL genotypes, the frame-
work allows the dynamic pattern of genetic effects to be quantified on
metabolic capacity and efficacy across a time-space scale.

The way of how genotype-specific ODE parameters for systems
mapping are estimated represents a statistical challenge. The last
five years have witnessed the development of various statistical
methods for estimating ODE parameters based on state variables mea-
sured at multiple time points [17-20]. The estimation of ODE parame-
ters within systems mapping is even more complex because the QTL
genotypes that define the dynamic system are unobserved. Although
conventional mathematical approaches for ODE solution have been
successfully integrated into systems mapping [12,14,15], the perfor-
mance may deteriorate quickly when the number of parameters

increases. In order to effectively and efficiently solve ODEs for mQTL
mapping, we propose to adopt the well-established results in control
theory by representing the system of ODEs as a feedback control sys-
tem. Control theory has proven to be useful in the study of biological
and biochemical systems where the issues of regulation and control
are central [21]. Characterization of general control rules that under-
pin metabolic dynamics is an important part of systems analysis in bi-
ology. It has been long recognized that many biological regulatory
mechanisms have evolved to optimize cellular adaptation in response
to external stimuli, concordant with the design principle of control
theory. We have performed extensive simulation studies to investi-
gate the statistical properties of systems mapping equipped with con-
trol theory. The results from computer simulation have validated the
utility and usefulness of the new mapping model for mQTL identifica-
tion in practice.

2. Modeling metabolic reactions as a system

We consider metabolic dynamics as a feedback control system and
apply the concept of control theory to facilitate the optimization
problem in mQTL mapping. To describe our mapping model, we use
glycolytic oscillations, a well-studied metabolic reaction, as a case
study. Glycolysis is a metabolic process that provides central energy
in the form of ATP (adenosine triphosphate) for a living cell. As the
most studied control system, many mathematical models have been
developed to describe glycolytic oscillations, in which the concentra-
tions of metabolites fluctuate. To identify the function and underlying
mechanisms of glycolytic oscillations, Chandra et al. [22] have re-
cently proposed a minimal three-reaction system with specific mech-
anisms both necessary and sufficient for oscillations in Saccharomyces
cerevisiae, which is specified by a system of ODEs, expressed as
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where functions x = x(t) and y = y(t) represent the time-varying
concentrations of the lumped variable of intermediate metabolites
and output ATP, respectively. Parameter a is the cooperativity of
ATP binding to phosphofructokinase (PFK); h is the feedback strength
of ATP on PFK; k is the intermediate reaction rate; g is the feedback
strength of ATP on PK; q is the autocatalytic stoichiometry; and & in-
dicates the external perturbation in ATP consumption. Five parame-
ters (a, q, g h, k), each with a biological interpretation, determine
the properties of glycolysis. As being modeled by system of ODEs
(1), g ATP molecules are used up by PFK to produce a pool of interme-
diate metabolites, which are then fed into PK to generate q + 1 ATP
molecules. So during each round of reactions, a net one ATP molecule
is produced by PFK + PK reactions and then consumed at the third
reaction that models the cell's use of ATP. ATP inhibits both PFK and
PK reactions.

Chandra et al. [22] used control theory to illustrate how the trade-
offs between efficiency and robustness arise from individual parame-
ters in this model, including the interplay of feedback control with
autocatalysis of network products necessary to power and catalyze
intermediate reactions. In addition, they explicitly derived analytic
equations for hard trade-offs with oscillations as an inevitable side
effect. We integrate ODEs (1) into a systems mapping framework to
devise a computational model for identifying specific mQTLs that con-
trol glycolytic oscillations and further explore how the change of QTL
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