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Abstract

Constraint-based modeling enables investigation of the properties and functions of
metabolic reaction networks through prediction of steady-state network fluxes that
are feasible under a set of physicochemical constraints. Application of thermody-
namic constraints has been hindered in part by lack of data on the key thermody-
namic parameter; transformed reaction Gibbs energy. This thesis focuses on devel-
opment of computational methods for estimating transformed reaction Gibbs ener-
gies in metabolic network reconstructions.

Methods for estimating transformed reaction Gibbs energies existed at the outset of
this thesis. The limitations of these methods were revealed through their application
to the genome-scale human metabolic network reconstruction Recon 1. Subsequent
efforts aimed to overcome some of these limitations through development of im-
proved estimation methods.

Estimation of transformed reaction Gibbs energy can roughly be broken down into
two steps: 1) estimation of standard reaction Gibbs energy, and 2) adjustment to in
vivo conditions. A novel estimation framework, called the component contribution
method, was developed as part of this thesis to tackle the former step. An existing
application for performing the latter step, called von Bertalanffy, was continually
updated throughout this thesis to reflect findings of what factors contribute to the
accuracy of estimated transformed reaction Gibbs energies. The latest version of
von Bertalanffy is fully integrated with an implementation of the component con-
tribution method. The most time-consuming step in applying the estimation meth-
ods developed in this thesis is collection of necessary input data, such as metabolite
structures. Strategies for partially automating collection of structures are proposed.





Útdráttur

Skorðuð líkön má nota til að rannsaka eiginleika og virkni efnaskiptaneta, með því
að spá fyrir um stöðug ástönd sem slík net geta náð innan gefinna eðlisefnafræðile-
gra skorða. Varmafræðilegum skorðum hefur aðeins verið beitt á efnaskiptalíkön að
takmörkuðu leiti, meðal annars vegna skorts á gögnum um ummyndaða Gibbs orku
efnaskiptahvarfa. Þessi ritgerð fjallar um þróun reiknifræðilegra aðferða til að meta
ummyndaða Gibbs orku fyrir hvörf í líkönum af efnaskiptanetum.

Aðferðir til að meta ummyndaða Gibbs hvarforku voru til þegar vinna við þessa
ritgerð hófst. Þegar þessum aðferðum var beitt á líkan af efnaskiptaneti manna, sem
kallast Recon 1, komu ýmsar takmarkanir þeirra í ljós. Bættar matsaðferðir voru
þróaðar í kjölfarið til að yfirstíga sumar af þessum takmörkunum.

Mati á ummyndaðri Gibbs hvarforku má skipta gróflega niður í tvö skref: 1) mat
á staðlaðri Gibbs hvarforku, og 2) aðlögun að skilyrðum í lifandi verum. Til að
takast á við fyrra skrefið var þróuð nýstárleg matsaðferð sem kallast þáttunaraðfer-
ðin. Fyrir seinna skrefið var forritið von Bertalanffy uppfært í takt við niðurstöður
um hvaða þættir hefðu mest áhrif á nákvæmni mats á ummyndaðri Gibbs orku.
Nýjasta útgáfa von Bertalanffy er fyllilega samþætt útgáfu af þáttunaraðferðinni.
Tímafrekasti þátturinn í að beita matsaðferðunum sem hér voru þróaðar er að safna
nauðsynlögum gögnum, svo sem gögnum um byggingu sameinda. Stungið er upp
á aðferðum til að sjálfvirknivæða söfnun gagna um sameindabyggingu að einhverju
leyti.
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1. Introduction

Metabolism is generally conceptualized as a network of reactions connected through
common intermediates (Figure 1.1a). For more than a century biochemists have
studied metabolic reactions and the enzymes that catalyze them, in isolation, to elu-
cidate the physical principles that govern their behavior. The study of networks
of multiple interconnected metabolic reactions is the subject of the more recently
developed field of molecular systems biology. As metabolic reaction networks are
complex systems the field relies heavily on mathematical and computational mod-
eling.

The time evolution of metabolite concentrations x(t) ∈ Rm in a metabolic reaction
network may be described with the dynamic mass balance equation

Sv(x(t)) =
dx(t)

dt
(1.1)

where v(x(t)) ∈ Rn is a vector of reaction rates or ’fluxes’ and S ∈ Rm×n is the
’stoichiometric matrix’ for reactions in the network (Figure 1.1b). Each column of
S represents a reaction and each row a metabolite. Element Si, j is the stoichiometric
coefficient of metabolite i in reaction j. By convention, the coefficient is negative
if metabolite i is a reactant in reaction j but positive if it is a product. Equation 1.1
states that the rate of change of the concentration of metabolite i is the sum of the
rate by which it is produced, minus the rate at which it is consumed by reactions in
the network.

The relationship between the flux v j through reaction j and the concentrations of
metabolites x(t), is described by a rate equation that depends on the exact reaction
mechanism [1]. Formulation of a rate equation for an enzyme catalyzed reaction re-
quires knowledge of the enzyme kinetic mechanism, e.g., Michaelis–Menten kinet-
ics, as well as enzyme specific kinetic constants. This knowledge is only available
for a small portion of metabolic reactions. Dynamic models of the form of Equation
1.1 can therefore not be built for large metabolic networks.

Constraint-based modeling [2, 3, 4] has garnered significant insights into the be-
havior of metabolic reaction networks of all sizes, without requiring knowledge of
exact reaction mechanisms or kinetic parameters. In the constraint-based approach,
feasible functional states of the network are analyzed given a set of physicochemi-
cal constraints [5, 6, 7, 8, 9, 10, 11]. Constraints include steady state mass balance,

1



(a) (b)

Figure 1.1: (a) A metabolic network diagram for the upper part of glycolysis.
(b) The stoichiometric matrix for the network in (a). Abbreviations are GLC for
glucose, ATP for adenosine triphosphate, ADP for adenosine diphosphate, G6P
for glucose 6-phosphate, F6P for fructose 6-phosphate, FBP for fructose 1,6-
bisphosphate, DHAP for dihydroxyacetone, G3P for glyceraldehyde 3-phosphate,
NAD+ for nicotinamide adenine dinucleotide, Pi for phosphate, NADH for reduced
nicotinamide adenine dinucleotide, and BPG for 1,3-bisphosphoglycerate.

availability of nutrients in the network’s environment, enzyme capacity and thermo-
dynamics. Application of thermodynamic constraints has been hindered in part by
the availability of thermodynamic parameters. As discussed below, the key thermo-
dynamic parameter for metabolic reaction networks is transformed reaction Gibbs
energy. This motivated the work presented in this thesis, which focused on devel-
opment of methods for large-scale estimation of transformed reaction Gibbs energy
for metabolic reactions.

This thesis is based on three papers, two of which have been published in peer re-
viewed journals [12, 13], and a third that has been submitted for publication [14].
The full text of these papers is reprinted in Chapters 2 through 4. The remainder of
Chapter 1 will introduce metabolic network reconstruction, constraint-based analy-
sis, thermodynamic constraints, and estimation of thermodynamic parameters. The
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main contributions of the work presented in this thesis are summarized briefly in
Section 1.6 at the end of Chapter 1. Finally, perspectives on future development of
methods for estimation of transformed reaction Gibbs energy are given in Chapter
5.

1.1. Metabolic network reconstructions

At the heart of every metabolic network model lies a metabolic network recon-
struction [2, 15]. Metabolic network reconstructions are knowledge bases of the
components comprising a particular metabolic reaction network. The main compo-
nents are the metabolic reactions in the network, the metabolites that participate in
those reactions, the enzymes that catalyze the reactions, and the genes that encode
those enzymes. Metabolic network reconstructions vary in size from a few pathways
[16, 17], consisting of tens to a few hundred reactions, to genome-scale networks
that aim to include all known components of a particular organism or cell type.
Genome-scale network reconstructions typically include a few thousand reactions
[18, 19, 20, 21, 22, 23].

The components of a metabolic network reconstruction are linked via mathematical
structures that enable computational analysis of the network as an integrated sys-
tem. Reactions and metabolites are linked via the stoichiometric matrix presented
above. Genes are linked to enzymes, and to the reactions they catalyze, via boolean
rules known as gene-protein-reaction associations or GPRs [2]. GPRs enable anal-
ysis of the relationship between genetic perturbations and metabolic phenotypes
[24, 21, 8]. In addition to these core elements a metabolic network reconstruc-
tion typically includes various metadata about the components, e.g., their names,
the chemical formulas and physiological charges of metabolites, identifiers in bio-
chemical databases, and references to literature used in the reconstruction process.
A detailed protocol describes an iterative process involving 96 distinct steps for
building a high quality genome-scale metabolic network reconstruction [15].

An important part of reconstructing a metabolic network is determining its bound-
ary. The network exchanges mass with its environment across the boundary via
so called exchange reactions, which act as sources and sinks in the network (Fig-
ure 1.2). Reactions in the network may also be distributed across two or more
cell compartments within the boundary. Adjacent compartments are separated by
membranes and movement of metabolites between them requires transport reactions
(Figure 1.2). A metabolite is represented as a separate entity in each compartment in
which it is included. So for example, extracellular glucose (GLC_e in Figure 1.2) is
represented in one row of the stoichiometric matrix and cytosolic glucose (GLC_c
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GLC_c Cytosol

Extracellular

Environment

Network boundary

Figure 1.2: Exchange reactions transport metabolites between the environment
and the metabolic network across the network boundary (dashed line). Transport
reactions transport metabolites across cell membranes (solid line) that separate
compartments within the boundary.

in Figure 1.2) in a different row. Transport of glucose from the extracellular space to
the cytosol is represented with a transport reaction; a column of the stoichiometric
matrix with a coefficient of -1 in the row for GLC_e and a coefficient of 1 in the row
for GLC_c.

Applications presented in this thesis mainly concern human metabolism. The first
genome-scale reconstruction of human metabolism, titled Recon 1, was published
in 2007 [25]. Later that same year, a different group published the second genome-
scale reconstruction titled the Edinburgh human metabolic network (EHMN) re-
construction [26]. The two reconstructions differed somewhat in content. A major
difference between them was that reactions in Recon 1 were distributed across eight
cell compartments, while no information about the cellular location of reactions was
included in the EHMN reconstruction. Consequently, the EHMN reconstruction did
not include any transport reactions. It was later updated by compartmentalizing re-
actions and adding transport reactions [27]. The latest genome-scale human recon-
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struction, Recon 2, was published in 2013 [22]. All information in both Recon 1
and the EHMN reconstruction, as well as other smaller human metabolic network
reconstructions, was incorporated into Recon 2. It includes 1,789 enzyme-encoding
genes, 7,440 reactions and 5,063 metabolites distributed over eight cellular com-
partments. The number of unique metabolites, not counting duplicates in different
compartments, is 2,626.

Recon 1, the EHMN reconstruction and Recon 2 are all generic reconstructions,
meaning that they include reactions from all different cell types of the human body.
Such reconstructions are not really suitable for computational modeling, as non-
physiological properties emerge from combining pathways from different cell types
that never actually occur in combination. Generic reconstructions are more useful
for contextualizing high-throughput data. They also serve as a basis for reconstruct-
ing cell type specific metabolic networks [28, 29, 30] that only include reactions
that are active in a particular cell type. Cell type specific reconstructions are now
available for the major cell types of various tissue types including liver [20, 30],
kidney [31], gut [23], blood [32, 33], and brain [34]. These reconstructions produce
more realistic computational models than do generic reconstructions.

1.2. Constraint-based modeling

At suitable time scales a reaction network may be assumed to reach a steady state
where dx(t)

dt = 0. Significant insights into the function of a metabolic network can
therefore be gained by analyzing its steady state flux space, defined by the steady
state mass balance equation

Sv = 0. (1.2)

This equation defines the space of all possible steady state flux distributions v as the
right null space of the stoichiometric matrix. Metabolite concentrations are not ex-
plicitly represented as model variables. By only considering steady state fluxes, the
need for exact reaction mechanisms and kinetic constants is circumvented. Knowl-
edge of reaction stoichiometry is the only requirement. Modeling of large metabolic
networks is thereby made possible.

The system in Equation 1.2 is generally underdetermined, with rank (S) < m < n.
The right null space of S is therefore generally high-dimensional. The set of steady
state flux distributions actually realizable by the network is a small subset of this
entire space. The set of predicted steady state flux distributions can be narrowed
down by imposing additional physicochemical constraints on the network model.
The most straightforward way to further constrain the model is with bounds on
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reaction fluxes
vmin ≤ v≤ vmax. (1.3)

Bounds on exchange fluxes define the extracellular environment. By definition,
negative flux through an exchange reaction indicates uptake of a metabolite from the
environment while positive flux indicates secretion. Setting the upper flux bound on
an exchange reaction for a metabolite to zero therefore means that the metabolite
can not be secreted from the cell. Setting the lower bound to zero means it can not
be taken up from the environment. Availability of nutrients in the environment can
therefore be simulated by varying the upper bounds on exchange fluxes. Anaerobic
conditions, for example, can be simulated by setting the lower bound on exchange
of oxygen to zero.

Bounds on exchange fluxes in different conditions can be determined experimen-
tally by measuring rates of metabolite uptake and secretion in cell culture media.
Determining bounds on internal reactions is more complex. Metabolic flux analysis
[35] can be used to measure internal fluxes but is currently too low throughput to
determine bounds on all internal fluxes in genome-scale metabolic network recon-
structions. Default bounds from -1000 to 1000 mmol/gDW/h are therefore typically
used. These bounds can be regarded as theoretical bounds on enzyme capacity.
Internal reactions can be constrained to be irreversible in one direction by setting
either their lower or upper flux bounds to zero. As discussed in Section 1.4.1 con-
straints on reaction directionality are dictated by thermodynamics.

1.2.1. Flux balance analysis

The steady state mass balance constraint in Eq. 1.2 and the flux constraints in Eq.
1.3 are linear constraints. They define an affine set of steady state flux distributions
that can be analyzed with various computational methods [4]. The most widely
used constraint-based modeling method, flux balance analysis (FBA) [36] involves
optimization of a linear objective function on this set. The FBA problem is stated
as

max c>v
s.t. Sv = 0

vmin ≤ v≤ vmax.
(1.4)

The objective function c>v is some linear combination of fluxes. FBA has been used
with considerable success to predict growth of microorganisms in various culture
conditions [37, 38]. Growth is predicted by optimizing a strain specific ’biomass
function’; a linear combination of exchange reactions that channel metabolites from
the network into biomass. A biomass function is an appropriate choice of objective
function for microorganisms as they can be assumed to have evolved to optimize
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growth. The choice of objective is not as obvious in multicellular organisms. Mul-
tiple objectives, representing different metabolic functions, have therefore been for-
mulated for metabolic network models of multicellular organisms [20, 19, 22, 23].
These are generally used as a qualitative measure of the functionality of the network.

1.3. Biochemical reaction Gibbs energy

Before continuing it is necessary to introduce some of the terminology and notation
associated with the thermodynamic concepts discussed in the remainder of this the-
sis. A more detailed discussion can be found in Sections 2.3 and A.4. The material
in these sections is largely based on Alberty’s 2003 textbook on the thermodynamics
of biochemical reactions [39].

According to the second law of thermodynamics, the criterion for spontaneous
change and equilibrium in a closed system with a single chemical reaction j at
constant temperature T and pressure p, is given by the reaction Gibbs energy

∆rG j = S>j µ ≤ 0, (1.5)

where S j ∈ Rm is the stoichiometric vector for the reaction and µ ∈ Rm is a vector
of chemical potentials. The vector S j can be regarded as a column from a stoi-
chiometric matrix. Chemical potentials, and thus also reaction Gibbs energies, are
a function of temperature T , ionic strength I, and reactant concentrations x ∈ Rm.
The chemical potential µk of reactant k depends on its concentration xk according to
the relation

µk = µ
◦
k +RT lnxk, (1.6)

where µ◦k is the reactant’s standard chemical potential and R is the universal gas
constant. The reaction Gibbs energy of reaction j is therefore

∆rG j = S>j µ
◦+RT S>j z = ∆rG◦j +RT S>j z, (1.7)

where ∆rG◦j = S>j µ◦ is the reaction’s standard reaction Gibbs energy and z∈Rm is a
vector of logarithmic concentrations, with zk = lnxk. The standard thermodynamic
properties µ◦ and ∆rG◦, like µ and ∆rG, are functions of T and I.

The standard reaction Gibbs energy of reaction j is related to its equilibrium con-
stant K j by

∆rG◦j =−RT lnK j =−RT S>j zeq, (1.8)

where zeq is a vector of reactant concentrations at equilibrium. This relation, which
follows from the fact that at equilibrium ∆rG = 0, enables derivation of ∆rG◦j from
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experimentally measured K j. Standard chemical potential, on the other hand, can
not be derived directly from experiments. It is therefore convenient to define the
standard Gibbs energy of formation ∆ f G◦k for reactant k, as the standard reaction
Gibbs energy of the reaction where this reactant is formed from pure elements.
Standard Gibbs energies of formation for pure elements are defined to be zero.
Standard Gibbs energies of formation for compounds are therefore their standard
chemical potentials relative to the standard chemical potentials of pure elements.
Gibbs energy is a state function, meaning that the change in Gibbs energy when a
system changes state is independent of the path from the initial to the final state.
This means that the standard reaction Gibbs energy of a given reaction is the same
whether it takes place in one or more steps. It follows that

∆rG◦j = S>j ∆ f G◦. (1.9)

Inserting Eq. 1.9 into Eq. 1.7 gives

∆rG j = S>j ∆ f G◦+RT S>j z = S>j ∆ f G (1.10)

where ∆ f G ∈ Rm is a vector of reactant Gibbs energies of formation, with ∆ f Gk =
∆ f G◦k +RT lnxk.

A chemical reaction is one that conserves mass and charge. An example is the ATP
hydrolysis reaction

ATP4−+H2O � ADP3−+P2−
i +H+ (1.11)

The standard reaction Gibbs energy of this reaction could theoretically be derived
experimentally by measuring the concentrations of all reactants at equilibrium and
plugging them into Eq. 1.8. The reactants ATP, ADP and phosphate (Pi), however,
all contain functional groups that are weakly acidic, basic, or both. If the reaction
equilibrates at a pH near the pKa values of these reactants, ionic species other than
the ones shown in Eq. 1.11 may be present. The pKa for the second proton of
phosphate, for example, is 7.22 at standard T and I [39]. At a pH of 7, approximately
60% of the total phosphate concentration is therefore comprised of the monovalent
P−i ion. The measured equilibrium concentration of phosphate at these condition
will be the total phosphate concentration [Pi] =

[
P2−

i

]
+
[
P−i
]
. Measured equilibrium

concentrations of ATP and ADP will similarly be sums of the concentrations of
multiple ionic species.

Different species of the same reactant have different standard chemical potentials
and standard Gibbs energies of formation. The standard Gibbs energies of for-
mation for the two phosphate species, for example, are related by ∆ f G◦

(
P2−

i

)
=

∆ f G◦
(
P−i
)
−RT ln(10)pKa. Plugging total reactant concentrations at equilibrium

into Eq. 1.8 therefore does not give the equilibrium constant K j and standard reac-
tion Gibbs energy ∆rG◦j of the chemical reaction in Eq. 1.11. Instead, it gives what
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are known as the apparent equilibrium constant K′j and the standard transformed
reaction Gibbs energy ∆rG′◦j of the corresponding biochemical reaction

ATP+H2O�ADP+Pi. (1.12)

The apparent equilibrium constant K′j and standard transformed reaction Gibbs en-
ergy ∆rG′◦j of a reaction j are related by

∆rG′◦j =−RT lnK′j =−RT S′>j z′eq, (1.13)

where S′j is the stoichiometric vector of the biochemical reaction and z′eq is a vector
of total reactant concentrations at equilibrium. Eq. 1.13 is exactly analogous to
Eq. 1.8. S′j for a biochemical reaction is equivalent to S j for any of the underlying
chemical reactions, except the stoichiometric coefficient for the hydrogen ion is set
to zero. The total concentration of a reactant in z′eq is the sum of the concentrations
of all species of that reactant.

A biochemical reaction does not necessarily conserve hydrogen atoms or charge. If
the pH of the reaction system is held constant, then one hydrogen ion is removed
from (added to) the system for each one produced (consumed) in the reaction. In
experiments for measuring apparent equilibrium constants in vitro, pH is generally
held constant with a buffer. In vivo, pH is similarly controlled by various buffering
mechanisms. The transformed chemical potential µ ′k of a particular species k of a
reactant i, at a specified pH, is defined with a Legendre transform [40] for a fixed
hydrogen ion chemical potential µ (H+), i.e.,

µ
′
k = µk−Nk (H)µ

(
H+
)

(1.14)

= µ
◦
k +RT lnxk−Nk (H)µ

(
H+
)
= µ

′◦
k +RT lnxk, (1.15)

where Nk (H) in Eq. 1.14 is the number of hydrogen atoms in the elemental formula
of the species. µ ′◦k in Eq. 1.15 is the standard transformed chemical potential of
the species. When all species of a given reactant are in equilibrium with each other,
they have the same transformed chemical potential µ ′k. They are therefore generally
referred to as pseudoisomers, in reference to structural isomers which have the same
chemical potential at equilibrium.

When all species of a reactant i are at equilibrium with each other, the transformed
chemical potential of the reactant µ ′i is equal to that of constituent species. The
standard transformed chemical potential µ ′◦i of the reactant is defined by

µ
′
i = µ

′◦
i +RT lnxi, (1.16)

where xi = ∑k xk is the total concentration of the reactant. Acid base reactions are
generally much faster than biochemical transformations. At a time scale relevant for
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biochemical reactions, each reactant can therefore be considered as a pseudoisomer
group of species at equilibrium with each other. The transformed reaction Gibbs
energy of a biochemical reaction j at a specified pH is given by

∆rG′j = S′>j µ
′ (1.17)

= S′>j µ
′◦+RT S′>j z′ (1.18)

= ∆rG′◦j +RT S′>j z′ (1.19)

= S′>j ∆ f G′◦+RT S′>j z′ (1.20)

= S′>j ∆ f G′ (1.21)

= S>j ∆ f G′ (1.22)

= S>j µ
′, (1.23)

where z′ in Eq. 1.18 contains the logarithms of total reactant concentrations, i.e.,
z′i = lnxi. Equations 1.20 and 1.21 introduce the standard Gibbs energies of forma-
tion ∆ f G′◦ and transformed Gibbs energies of formation ∆ f G′ for reactants, which
are analogous to ∆ f G◦ and ∆ f G for individual species. Equations 1.22 and 1.23
hold because ∆ f G′ (H+) = µ ′ (H+) = 0.

In a closed system with a single biochemical reaction j at constant T and p, and
specified pH, the criterion for spontaneous change and equilibrium is given by the
transformed reaction Gibbs energy

∆rG′j ≤ 0. (1.24)

The transformed thermodynamic potentials ∆rG′j, ∆rG′◦j , µ ′, µ ′◦, ∆ f G′ and ∆ f G′◦

are functions of pH in addition to T , I and x. The relationships between these po-
tentials and environmental variables are formulated in Section 2.3. The preceding
discussion applies to single phase systems, where there are no gradients of tem-
perature, concentrations or charge. Reactions in metabolic networks are typically
distributed across two or more cell compartments separated by phospholipid mem-
branes. Different compartments may be considered as different phases of the sys-
tem. Reactions that transport reactants between two adjacent compartments are
therefore multiphase reactions. Whereas temperature is generally uniform through-
out a cell, pH, I and x may vary between compartments. Compartmental differences
in these variables must be taken into account when discussing the thermodynam-
ics of transport reactions. Another factor to consider is membrane potential arising
from differences in electrical potentials between compartments. Transport reaction
thermodynamics are discussed in detail in Section A.4. Meanwhile, the notation
and terminology introduced in this section will suffice for the topics discussed in
the following sections.
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1.4. Thermodynamic constraints

1.4.1. Reaction directionality

The second law of thermodynamics dictates that biochemical reactions proceed
spontaneously in the direction of negative transformed reaction Gibbs energy ∆rG′.
In the context of constraint-based metabolic network modeling, the second law can
be stated as

v j∆rG′j ≤ 0 ∀ j ∈ {1,2, ...,n}, (1.25)

i.e., net flux v j through a reaction j is positive (forward) if ∆rG′j < 0 and negative
(reverse) if ∆rG′j > 0. The net flux is zero when ∆rG′j = 0 and the reaction is at
equilibrium. All biochemical reactions are in principle reversible [1], meaning that
their ∆rG′ can be positive or negative depending on reactant concentrations (see
Eq. 1.19). At physiological concentrations of metabolites, however, the ∆rG′ of
some metabolic reactions are always of the same sign. These reactions are, for all
practical purposes, irreversible.

Constraints on reaction directionality are readily implemented on a reaction-by-
reaction basis as linear inequality constraints on fluxes (see Section 1.2)

vmin ≤ v≤ vmax, (1.26)

with vmin, j ≥ 0 if reaction j is irreversible in the forward direction, vmax, j < 0 if
it is irreversible in the reverse direction, and vmin, j < 0 and vmax, j > 0 if it is re-
versible. Assigning reaction directionality is part of the metabolic network recon-
struction process [15]. Directionality is generally assigned based on biochemical
data presented in literature or in publicly available databases. If no data exists for
a particular reaction in the reconstructed organism, data for identical reactions in
other organisms or mechanistically similar reactions is used. In the absence of such
information, reactions are assumed to be reversible.

Manually searching for evidence of reaction directionality is highly time consum-
ing. Researchers have therefore sought ways to automate reaction directionality
assignment based on quantitative analysis of the thermodynamic properties of a
network [41, 42, 43, 44]. If ranges of feasible ∆rG′ are known, Eq. 1.25 can be
applied to quantitatively assign directionality. Ranges of feasible ∆rG′ depend on
∆rG′◦ and feasible ranges of reactant concentrations (see Section 1.3). Since these
have only been measured for a small minority of all metabolic reactions and metabo-
lites, respectively, researchers have relied on computational methods for estimating
feasible ranges of ∆rG′ [42, 43, 44]. These methods are introduced in Section 1.5.
Estimated ranges of feasible ∆rG′ rarely result in tight irreversibility constraints on
reaction directionality. Due to high estimation uncertainty, ∆rG′ is estimated to
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range from negative to positive values for most reactions which are then assigned to
be reversible. A couple of studies [43, 44] have therefore implemented algorithms
that apply heuristic rules to further tighten directionality constraints.

1.4.2. Energy balance

Even if directionality were assigned based on precise measurements of in vivo
ranges of transformed reaction Gibbs energies, local directionality constraints would
not be guaranteed to eliminate thermodynamically infeasible flux distributions. Re-
actions in a metabolic network may have mutually exclusive directions that can
not be excluded with linear inequality constraints applied on a reaction-by-reaction
basis. To eliminate thermodynamically infeasible flux distributions it is necessary
to implement global thermodynamic constraints for the entire network. The most
prominent examples of thermodynamically infeasible flux distributions are fluxes
around stoichiometrically balanced cycles (Figure 1.3) [45, 46, 47], also known as
type III extreme pathways [48, 49] or thermodynamically infeasible reaction loops
[50, 51]. Steady state flux around stoichiometrically balanced cycles does not re-
sult in net consumption or production of any metabolites. Such cycles can carry
arbitrarily large flux, independent of exchange fluxes, without violating mass bal-
ance or linear inequality constraints (Figure 1.3). Net flux around a stoichiomet-
rically balanced cycle does, however, violate the laws of thermodynamics. Ap-
plying the second law to the cycle in Figure 1.3 reveals that net flux from A to
B requires that ∆ f G′A > ∆ f G′B in order for ∆rG′A→B = ∆ f G′B−∆ f G′A < 0. Like-
wise, net flux from B to C requires that ∆ f G′B > ∆ f G′C and net flux from C to
A requires that ∆ f G′C > ∆ f G′A. Net flux around the cycle therefore requires that
∆ f G′A > ∆ f G′B > ∆ f G′C > ∆ f G′A which is clearly not possible. Since transformed
reaction Gibbs energy is a state function ∆rG′A→A, around a stoichiometrically bal-
anced cycle from A to A, must always be zero. A nonzero ∆rG′A→A would violate
energy conservation. Since ∆rG′A→A = 0, net flux around the cycle vA→A must also
be zero.

In 2002, Beard, Liang and Qian introduced energy balance analysis (EBA), a frame-
work for eliminating flux distributions with net flux around stoichiometrically bal-
anced cycles [45, 46]. They used the fact that any such cycle vint ∈ Rnint×1 only
includes internal reactions of a given network. It does not include any exchange re-
actions. The stoichiometric matrix Sint ∈Rm×nint for the internal network is obtained
by removing all columns from S that correspond to exchange reactions. Energy
balance analysis requires that there exist a vector ∆rG′int ∈ Rnint×1, of transformed
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Figure 1.3: (a) A simple example of a reaction network with a stoichiometrically
balanced cycle. (b) Hypothetical constraints on the network in (a). (c)-(f) Examples
of feasible flux distributions for the network in (a), given the constraints in (b). The
flux distributions in (e) and (f) violate energy conservation.

reaction Gibbs energies for internal reactions1, that satisfies

vint, j∆rG′int, j ≤ 0 ∀ j ∈ {1,2, ...,nint} (1.27)

and
N>∆rG′int = 0, (1.28)

where N ∈Rnint×y, with y= nint−rank (Sint), is a basis for the null space of Sint . The
constraint in Eq. 1.27 is again a statement of the second law of thermodynamics (Eq.
1.25). The constraint in Eq. 1.28 ensures that transformed reaction Gibbs energy
around any stoichiometrically balanced cycle is zero. It follows from the fact that
every stoichiometrically balanced cycle vint satisfies

Sintvint = 0, (1.29)
1Beard, Liang and Qian used the notation ∆µ for ’reaction chemical potential’ instead of ∆rG′int for

transformed reaction Gibbs energy. ∆rG′int is used here to keep notation consistent.
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i.e., it can be regarded as a steady state flux distribution that satisfies mass balance
in the absence of any exchange fluxes. Equation 1.29 shows that vint is in the null
space of Sint . That means that vint can be expressed as

vint = Nw (1.30)

where w ∈ Ry×1 is a vector of weights. If Eq. 1.28 holds, then

w>N>∆rG′int = (Nw)>∆rG′int = v>int∆rG′int = 0 (1.31)

meaning that the transformed reaction Gibbs energy around vint is zero. The energy
balance constraint is also known as the loop law, in analogy to Kirchhoff’s loop law
(i.e., voltage law) for electrical circuits [45, 46]. The mass balance constraint (Eq.
1.2 in Section 1.2) is similarly analogous to Kirchhoff’s current law.

The EBA constraints in Eq. 1.27 and 1.28, in combination with the mass balance
constraint in Eq. 1.2 and the flux bounds in Eq. 1.3, define a set of steady state fluxes
with no net flux around stoichiometrically balanced cycles. This set is nonlinear and
nonconvex due to the second law constraint in Eq. 1.27. This greatly complicates
computational analysis of this set and has hindered widespread application of en-
ergy balance analysis. The thermodynamic constraints have been reformulated into
what are know as ’loop-law constraints’ by introducing an integer variable that re-
lates the sign of vint, j to the sign of ∆rG′int, j [51]. Adding loop-law constraints to
FBA (Eq. 1.4 in Section 1.2.1) converts a linear programming problem into a mixed
integer linear programming problem (MILP) known as loopless-FBA. MILPs are
generally solvable for a greater range of problems than nonlinear and nonconvex
programs that arise from the EBA constraints in Eq. 1.27 and 1.28. However,
MILPs have unpredictable computational complexity and are often inefficient for
large-scale problems. A recent publication [52] reported an algorithm for solving
loopless-FBA problems that was 30-300 times more efficient than the original algo-
rithm presented in [51]. Such solutions may promote more widespread application
of thermodynamic constraints in constraint-based modeling of metabolic reaction
networks.

1.4.3. Incorporation of metabolite concentrations

In energy balance analysis, ∆rG′int is a free variable. No knowledge of physiological
∆rG′int is required to eliminate flux around stoichiometrically balanced cycles. It
is enough that there exist some vector ∆rG′int that satisfies the EBA constraints in
Eq. 1.27 and 1.28. But flux distributions without flux around stoichiometrically bal-
anced cycles can be thermodynamically infeasible at physiological concentrations
of metabolites. Consider the linear pathway shown in Figure 1.4. This example was
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Figure 1.4: A linear pathway with ∆rG′◦j as shown.

adapted from a 1996 publication by Mavrovouniotis [53]. If the concentrations of
all metabolites can vary within the range 0.1-1 M, the pathway is thermodynami-
cally feasible in both directions. It is, for example, feasible in the forward (right)
direction if [A] = 1 M, [B] = 0.8 M, [C] = 0.25 M and [D] = 0.1 M. Inserting these
concentrations into Eq. 1.19 gives ∆rG′j < 0 for all j. The pathway is feasible in
the reverse (left) direction when ∆rG′j > 0 for all j which is, for example, the case
when [A] = 0.1 M, [B] = 0.25 M, [C] = 0.8 M and [D] = 1 M. If the concentrations
of metabolites are constrained within a narrower range of 0.5-1 M, the pathway is
only feasible in the reverse direction since ∆rG′2 > 0 for all [B] and [C] within this
entire concentration range. The second reaction is what Mavrovouniotis called a
’localized bottleneck’ in the forward pathway. He contrasted this with a ’distributed
bottleneck’ which arises in the pathway in Figure 1.4 when concentrations are con-
strained within an intermediate range of 0.35-1 M. Each reaction in the pathway
is individually feasible in both directions within this concentration range. Each re-
action is, for example, feasible in the forward direction when the concentration of
its reactant is at the upper bound (1 M) and the concentration of its product is at
the lower bound (0.35 M) of this range. Since the product of one reaction is the
reactant of the next, however, these conditions can not be realized for all reactions
simultaneously. In fact, there are no concentrations within this range that make the
second and third reactions simultaneously feasible in the forward direction. This is
most easily seen by collapsing the two reactions into a single overall reaction B �
D. The overall reaction has ∆rG′◦2+3 = ∆rG′◦2 +∆rG′◦3 = 3.68 kJ/mol and ∆rG′2+3 > 0
at all concentrations of [B] and [D] within the range 0.35-1 M. The second and third
reactions constitute a distributed thermodynamic bottleneck in the forward pathway.

Thermodynamically infeasible flux through localized bottlenecks can be eliminated
with properly formulated linear inequality constraints as discussed in Section 1.4.1.
Eliminating thermodynamically infeasible flux through distributed bottlenecks, on
the other hand, requires incorporation of metabolite concentrations into the constraint-
based modeling framework. The full set of steady state flux distributions, that are
thermodynamically feasible at physiological concentrations, is defined by the con-
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straints
Sv = 0

vmin ≤ v≤ vmax

vint, j∆rG′int, j ≤ 0 ∀ j ∈ {1,2, ...,nint}
N>∆rG′int = 0

∆rG′int = ∆rG′◦int +RT S′>z′

z′i = lnxi ∀i ∈ {1,2, ...,m}
xmin ≤ x≤ xmax.

(1.32)

The last three constraints are necessary to eliminate thermodynamically infeasible
flux through distributed bottlenecks. MILP implementations of these constraints
have, for example, been used to predict thermodynamically feasible flux distribu-
tions [50, 54], as well as feasible ranges of transformed Gibbs energies and metabo-
lite concentrations [50, 5]. Applying these constraints requires knowledge of stan-
dard transformed reaction Gibbs energies and in vivo bounds on metabolite concen-
trations. Due to lack of experimental data, methods for estimating these parameters
are required.

1.5. Estimation of reaction Gibbs energy

Thermodynamically constraining a genome-scale metabolic reaction network of-
ten requires knowledge of transformed reaction Gibbs energies for thousands of
reactions (see Section 1.4). Transformed reaction Gibbs energies depend on tem-
perature, ionic strength, pH, electrical potential and metabolite concentrations (see
Section 1.3); conditions that vary between organisms, between cell types within the
same organism, and between compartments within the same cell. Transformed reac-
tion Gibbs energies are not measured directly. To derive transformed reaction Gibbs
energies from experiments, researchers measure apparent equilibrium constants K′,
which are related to standard transformed reaction Gibbs energies through Eq. 1.13.
Transformed reaction Gibbs energies at specific metabolite concentrations can then
be calculated with Eq. 1.19.

Apparent equilibrium constants have only been measured for a small subset of all
metabolic reactions. The most comprehensive publicly available database of mea-
sured apparent equilibrium constants is the Thermodynamics of Enzyme Catalyzed
Reactions database [55], published by the National Institute of Standards and Tech-
nology (NIST), which covers approximately 400 reactions. In comparison, the lat-
est genome-scale E. coli reconstruction [21] included 2,251 reactions and the latest
generic human reconstruction [22] included 7,440 reactions. Apparent equilibrium
constants included in the NIST database were measured at specific conditions. Even
though multiple measurements at different conditions were included for many of
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the 400 or so reactions in the database, the chances of finding a measurement for
the reaction of interest, at the same conditions as in the organism, cell type and
compartment of interest are still very low. For this reason, methods for estimating
transformed reaction Gibbs energies are required to thermodynamically constrain
genome-scale metabolic network reconstructions. A brief introduction to commonly
used methods, that existed at the outset of this thesis, is given in the remainder of this
section. These methods are discussed in more detail in Chapters 2 and 3. The work
presented in this thesis was primarily concerned with improving these methods.

1.5.1. Estimation of standard reaction Gibbs energies

Thermodynamic tables

As discussed in Section 1.3, standard reaction Gibbs energies are the stoichiomet-
rically weighted sum of standard Gibbs energies of formation for all reactants i.e.,

∆rG◦j = S>j ∆ f G◦. (1.33)

Knowing ∆ f G◦ for a set of metabolites therefore allows calculation of ∆rG◦j for all
reactions involving only those metabolites. ∆ f G◦ can be measured directly for some
simple compounds such as H2O, CO2 and NH3. For others, they can be estimated
from known ∆ f G◦ and ∆rG◦ by solving a system of linear equations like Eq. 1.33.
Kenneth Burton compiled the first table of ∆ f G◦ estimated in this manner, which
was published in 1957 [56]. Since the only measurements available were for ∆rG′◦,
but not ∆rG◦, Burton’s estimates were based on the simplifying assumption that
all reactants were single species [39]. For reactions carried out at a pH where all
reactants are single species, ∆rG′◦j = ∆rG◦j − pHRT ln(10)S j (H+) where S j (H+)
is the stoichiometric coefficient for H+. In such cases it is sufficient to know the
experimental pH to obtain ∆rG◦ from measured ∆rG′◦. But if any reactants have
pKa values near the experimental pH, as is often the case for metabolites, assuming
they are single species will be incorrect and will cause errors in estimated ∆ f G◦ and,
consequently, ∆rG◦.

Since Burton’s work, several thermodynamic tables of estimated ∆ f G◦ have been
published ([57, 39, 58, 59]). To date, the most comprehensive tables for biochemical
compounds were compiled by Alberty [39, 58]. Instead of relying on the single-
species assumption, Alberty estimated reactant ∆ f G′◦ by solving a system of linear
equations of the form

∆rG′◦j = S′>j ∆ f G′◦ (1.34)

(see Eq. 1.20 in Section 1.3). The ∆rG′◦ were derived from measured apparent
equilibrium constants K′ using Eq. 1.13. Alberty then applied an inverse Legen-
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dre transform [60] of the ∆ f G′◦ to estimate ∆ f G◦ for representative species. Using
measured pKa values, he was then able to obtain ∆ f G◦ for other species of the same
reactants. He obtained standard enthalpies of formation ∆ f H◦ in a similar man-
ner, although for fewer metabolites, since standard transformed reaction enthalpies
∆rH ′◦ had been measured for fewer reactions than K′.

Solving a system of linear equations requires as many equations as there are un-
knowns. Alberty did not have measured ∆rG′◦ for enough reactions to resolve the
∆ f G′◦ of some key cofactors and, subsequently, estimate their ∆ f G◦. To include
them in his tables, he defined the ∆ f G◦ of 11 cofactors to be 0 kJ/mol, and estimated
only the relative ∆ f G◦ of related cofactors. So, for example, he defined the ∆ f G◦

of NAD to be 0 kJ/mol and estimated the relative ∆ f G◦ of NADH as 22.65 kJ/mol.
The ∆ f G◦ of metabolites in each of the 11 groups of cofactors were therefore esti-
mated relative to a baseline that differed from the standard baseline and from that of
other groups. The standard baseline is established by defining the ∆ f G◦ of pure ele-
ments to be zero (see Section 1.3). This definition leads to consistent calculation of
∆rG◦ from ∆ f G◦ since, for elementally balanced reactions, the baselines cancel out.
When calculating ∆rG◦ from ∆ f G◦ estimated relative to nonstandard baselines, one
must be careful that the nonstandard baselines also cancel out. ∆rG◦ for reactions
involving NAD can only be consistently calculated using values from Alberty’s ta-
bles if NADH appears on the opposite side of the reaction. The issue of nonuniform
baselines is addressed in Chapter 2 and resolved in Chapter 3 of this thesis.

Group contribution methods

Apparent equilibrium constants have been measured for a limited set of metabolic
reactions. Thermodynamic tables of metabolite ∆ f G◦ enable estimation of ∆rG◦

for many more reactions because the multitude of existing metabolic reactions are
a combination of a much smaller set of metabolites. Thermodynamic tables still
only cover a small portion of all metabolic reactions. Alberty’s tables only cover
approximately 10% of reactions in representative genome-scale metabolic network
reconstructions (see [44] and Chapter 2).

Group contribution methods are estimation methods that exploit the fact that metabo-
lites are made up of an even smaller set of structural subgroups. In group contri-
bution methods, ∆ f G◦ for metabolites are modeled as linear combinations of Gibbs
energy contributions ∆gG◦ from the structural subgroups that make up the metabo-
lites, i.e.,

∆ f G◦ = G ∆gG◦ (1.35)

where G ∈ Nm×g is the group incidence matrix for the metabolites. Gi,l counts
the number of times group l occurs in the structure of metabolite i. The group

18



contribution model of ∆rG◦j is

∆rG◦j = S>j G ∆gG◦. (1.36)

∆gG◦ can be estimated from experimentally derived ∆rG◦ by solving a system of
linear equations like Eq. 1.36. Estimated ∆gG◦ can then in turn be used to esti-
mate ∆ f G◦ and ∆rG◦ for many more metabolites and reactions, respectively, than
are covered by thermodynamic tables. The greater coverage of group contribution
methods, however, comes at the price of reduced accuracy since Eq. 1.35 in not an
entirely realistic model of ∆ f G◦. This model assumes that the Gibbs energy con-
tributions of structural subgroups are fixed, when in fact they may depend on what
other groups surround them. The error resulting from this assumption is estimated
in Section B.4.

Group contribution methods were originally proposed by Benson and Buss in 1958
[61]. Early implementations were for estimation of thermodynamic properties of
pure compounds in the liquid and gas phase [61, 62, 63, 64]. The first group contri-
bution method for estimation of ∆rG◦ for biochemical reactions in aqueous solutions
was implemented by Mavrovouniotis et al. in 1988 [65]. Iterations of this method
have since been published [66, 67], the latest by Jankowski et al. in 2008 [67]. Each
iteration improved on the last by updating the data set used for estimating ∆gG◦

and by redefining groups. The definition of structural subgroups is an important
determinant of the performance of any group contribution method. Groups are gen-
erally defined empirically based on biochemical insight. Metabolite structures are
decomposed into groups by specialized software that requires computer representa-
tions of structures as input. Various file formats exist for computer representation
of metabolite structures, including chemical table file formats such as Molfiles from
Accelrys (San Diego, CA). Applying a group contribution method for estimation
of standard reaction Gibbs energies in genome-scale metabolic network reconstruc-
tions requires structures for hundreds or even thousands of metabolites. Obtaining
such a large number of structures can be extremely laborious. Potential strategies
for partially automating this task are discussed in Chapter 3.

Mavrovouniotis et al. [65, 66], as well as Jankowski et al. [67], used the single-
species assumption (see Section 1.5.1) in their implementations of group contri-
bution methods. They represented each reactant as the single most predominant
species at pH 7. The effects of this assumption on estimated transformed Gibbs
energies for metabolic reactions at in vivo conditions is discussed in Chapter 2,
which is a reprint of material published in [12]. The first group contribution method
that accounted for the effects of pseudoisomers on measured standard transformed
Gibbs energies was published later that year by Noor et al. at the Weizmann Insti-
tute of Science [68]. A collaboration between our groups resulted in development
of the component contribution method, a novel framework for estimating standard
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reaction Gibbs energies, that combines the ideas behind thermodynamic tables and
group contribution methods. As in Alberty’s thermodynamic tables [39, 58], and
Noor et al.’s group contribution method [68], the effects of pseudoisomers were
accounted for in our implementation of the component contribution method. The
component contribution method was published in [13], which is reprinted in full in
Chapter 3.

1.5.2. Estimation of transformed reaction Gibbs energies

Thermodynamically constraining metabolic network models requires transformed
reaction Gibbs energies, not standard reaction Gibbs energies. The theory for ad-
justing standard reaction Gibbs energies to in vivo conditions was clearly laid out in
Alberty’s 2003 textbook on the thermodynamics of biochemical reactions [39]. In
2006, Alberty published Mathematica (Wolfram Research, Champaign, IL) code for
implementing this theory [58]. His code was not specifically tailored to metabolic
network reconstructions. Fleming et al. [44, 69] reimplemented Alberty’s code in
Matlab (MathWorks, Natick, MA) to make it compatible with the popular Constraint-
based Reconstruction and Analysis (COBRA) toolbox [3, 4]. Their code, which
was published under the name von Bertalanffy 1.0 [69], was tailored to estimation
of transformed reaction Gibbs energies and quantitative assignment of reaction di-
rectionality in metabolic network reconstructions in the COBRA format. Required
inputs to von Bertalanffy 1.0 were estimated metabolite standard Gibbs energies of
formation, as well as in vivo temperature, ionic strength, pH, membrane potentials
and metabolite concentrations. All except the first input can vary between organ-
isms, cell types and compartments. Compartmentally resolved measurements of
these variables, in the reconstructed organism and cell type, should optimally be
obtained from experimental literature for accurate and precise estimation of trans-
formed reaction Gibbs energies with von Bertalanffy. The work presented in this
thesis led to significant updates of von Bertalanffy, which are discussed in detail in
Chapters 2 and 3.

1.6. Summary of main contributions

1.6.1. Paper 1

The aim of the work presented in the first paper [12] (Chapter 2) was to thermody-
namically constrain reaction directions in Recon 1 [25], based on ranges of feasible
transformed reaction Gibbs energies that were estimated using existing tools (see
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Section 1.5) and available experimental data. This work was based on similar work
[44] on the E. coli reconstruction iAF1260 [70]. Standard Gibbs energies of for-
mation were collected from Alberty’s thermodynamic tables [39, 58] (see Section
1.5) for as many Recon 1 metabolites as possible and estimated with Jankowski et
al.’s group contribution method [67] (see Section 1.5) for remaining metabolites.
Ranges of feasible transformed reaction Gibbs energies were calculated with an up-
dated version of von Bertalanffy 1.0 [69] (see Section 1.5). In addition to metabolite
standard Gibbs energies of formation, transformed reaction Gibbs energies depend
on metabolite acid dissociation constants and compartment specific pH, electrical
potential, ionic strength and metabolite concentrations (see Section 1.3). Data on
these variables were obtained from literature if possible, but estimated otherwise.
Care was taken to propagate uncertainty in input data to estimated ranges of feasi-
ble transformed reaction Gibbs energies.

Compared to iAF1260, Recon 1 presented several new challenges. Firstly, it was
larger. In particular it contained over a thousand metabolites that were not included
in iAF1260. Obtaining group contribution estimates of standard Gibbs energies
of formation for these additional metabolites required collection of their structures
which was a time-consuming task. Secondly, human metabolism occurs at a tem-
perature of 310.15 K, whereas the standard temperature is 298.15 K. Accurately
adjusting standard Gibbs energies to a different temperature than the standard tem-
perature requires data on standard enthalpies. This data was only available for a
few metabolites in Alberty’s tables and no large-scale estimation method exists. We
solved this issue with an approximation based on the assumption that change in en-
tropy contributes a negligible amount to the reaction Gibbs energy of a metabolic
reaction. We showed that the error caused by this approximation was low for reac-
tions where data was available to test it.

The third and main challenge presented by Recon 1 was that its reactions were
distributed across eight cell compartments with different pH, electrical potential,
ionic strength and metabolite concentrations. A detailed literature review yielded
values for the pH and electrical potential of most compartments but literature on
compartment specific ionic strength was not available. Compartmentally resolved
metabolite concentrations were found for very few metabolites. Where literature
data on compartment specific input variables was not available it was necessary to
assume a broad range of physiologically realistic values. This large uncertainty in
compartment specific input data, on top of uncertainty in group contribution esti-
mated standard Gibbs energies, resulted in broad ranges of estimated transformed
reaction Gibbs energies. As a result, only a small portion of all Recon 1 reactions
were constrained to be irreversible.

Compartmental differences in pH, electrical potential and ionic strength must be
accounted for in estimation of transformed Gibbs energies for transport reactions.
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Equations for calculating transformed Gibbs energies for transport reactions were
derived previously [39, 71] and had already been implemented in von Bertalanffy
1.0. An alternative derivation was included in the supplementary material of this
first paper (see Section A.4). We found that estimated transformed Gibbs energies
for transport reactions were particularly sensitive to whether metabolites were rep-
resented as pseudoisomer groups of multiple protonated species or as a single rep-
resentative species (see Section 1.5). Jankowski et al’s group contribution method
only returned estimated standard Gibbs energies of formation for the single most
predominant species of each metabolite at pH 7. To capture the effects of pseudoi-
somers on transformed reaction Gibbs energies, we therefore calculated standard
Gibbs energies of formation for additional species present at physiological pH, us-
ing the group contribution estimates and pKa estimates obtained with commercial
software. These calculations were implemented in version 1.1 of von Bertalanffy.

To estimate transformed reaction Gibbs energies we combined estimated standard
Gibbs energies of formation from Alberty’s thermodynamic tables and Jankowski
et al.’s group contribution method. We gave precedence to values from Alberty’s ta-
bles as they were derived using a more realistic model of experimentally determined
reaction Gibbs energies (see Section 1.5). Combing estimated standard Gibbs en-
ergies of formation from these two sources was not entirely trivial. As discussed
in Section 1.5, standard Gibbs energies of formation for some metabolite groups in
Alberty’s tables were determined relative to nonstandard baselines. Using such val-
ues unchanged would cause error in estimated reaction Gibbs energies for reactions
where these metabolites were not paired with others from the same group. To avoid
such errors we adjusted the baseline for these metabolite groups to match that of
group contribution estimates.

Another issue with combining standard Gibbs energies of formation from these two
sources was estimation of uncertainty in transformed reaction Gibbs energies. Un-
certainty for reactions where only group contribution estimates were used could
easily be estimated from published standard errors in parameters of the group con-
tribution model, but no standard errors were reported for the values in Alberty’s
tables. This complicated estimation of uncertainty for reactions where only Al-
berty’s values, or a mixture of Alberty’s values and group contribution estimates
were used. To err on the safe side we used uncertainty in group contribution es-
timated reaction Gibbs energies, which we assumed were higher, for all reactions
(see Section A.3.2).

This study revealed a lack of experimental data for accurate and precise estima-
tion of transformed reaction Gibbs energies in human metabolism. In particular, it
pointed to a need for (i) quantitative metabolomic data, (ii) experimental measure-
ment of thermochemical properties for human metabolites, and (iii) experimental
measurement of compartment specific ionic strength. Available data were often only
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found in literature and thus poorly accessible. For estimation of reaction Gibbs en-
ergies in large-scale metabolic reaction networks, computer readable databases are
essential. Whereas generation of experimental data and database construction were
outside the scope of this thesis, following work addressed some of the limitations of
computational methods used in this study for estimating transformed reaction Gibbs
energies.

1.6.2. Paper 2

A major source of error in Jankowski et al.’s group contribution method was the fact
that each metabolite was represented as the single most predominant species at pH
7 (see Section 1.5). The effect of pseudoisomers on measured reaction Gibbs ener-
gies was not considered. In our first paper we factored in the effect of pseudoiso-
mers by postprocessing group contribution estimates derived with Jankowski et al.’s
method. While this approach was effective, it did not eliminate the error in group
contribution estimates for the predominant species at pH 7 that originated from the
single species approximation. This error was then propagated to all pseudoisomers
since their standard Gibbs energies of formation were calculated based on the group
contribution estimates. To eliminate this error it is necessary to preprocess the ex-
perimental data used to train the group contribution method by applying an inverse
Legendre transform, as Alberty did when constructing his thermodynamic tables
(see Section 1.5).

After publication of our first paper Ron Milo’s group in Israel published a new
implementation of the group contribution method [68]. Their method, called the
pseudoisomer group contribution method, was trained on similar experimental data
as Jankowski et al.’s method, except preprocessed with an inverse Legendre trans-
form. They showed that this led to significantly reduced error in estimated standard
Gibbs energies. In the same paper they also presented a method they called the
pseudoisomer reactant contribution method. Like group contribution, this method
was based on linear regression but the parameters of the regression model were
standard Gibbs energies of formation for metabolites instead of structural groups.
This method therefore used the same model as the one used in compiling traditional
thermodynamic tables (see Section 1.5). As the only assumption underlying this
model is the first law of thermodynamics, estimation error is very low. However,
like thermodynamic tables, the method can only be used to estimate reaction Gibbs
energies for a small portion of all metabolic reactions.

Using the pseudoisomer reactant contribution method was preferable to using the
corresponding group contribution method due to the lower estimation error. But the
pseudoisomer group contribution method had much greater coverage. As with Al-
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berty’s tables and Jankowski et al.’s group contribution method, combining the two
was not entirely trivial. For our second paper [13] (see Chapter 3) we teamed up
with Ron Milo and his Ph.D. student Elad Noor, who was first author of the pseu-
doisomer reactant and group contribution methods, to combine these two methods
into one consistent framework for estimating standard reaction Gibbs energies. This
resulted in what we called the component contribution method. This method makes
use of the more accurate reactant contribution model for all reactions, or reaction
components, covered by that model. For others, the method makes use of the greater
coverage obtained with the group contribution model. By combining reactant and
group contribution into one consistent framework, component contribution makes
better use of available measurements of reaction Gibbs energies than when either
method is used separately. In addition, it enables consistent estimation of uncer-
tainty in reaction Gibbs energy estimates using standard methods. Estimated uncer-
tainty is also lower with the component contribution method than with previously
published group contribution methods, resulting in narrower ranges of transformed
reaction Gibbs energies that are estimated to be feasible in vivo. We implemented
open-source computer code for the component contribution method in both Python
and Matlab, and updated von Bertalanffy to version 2.0, which is compatible with
the Matlab implementation.

1.6.3. Paper 3

A required input for any biochemical group contribution method, including the com-
ponent contribution method, is metabolite structure in Molfile or other structure for-
mats. Obtaining these structures for genome-scale metabolic reconstructions, with
several hundred metabolites, is highly time consuming. This problem motivated our
third paper [14] (Chapter 4). The best sources for metabolite structures are bio-
chemical databases such as KEGG Compound [72, 73], ChEBI [74] and PubChem
Compound [75]. Retrieving structures from these databases is relatively simple if
database identifiers (i.e., accession numbers or primary keys) for metabolites are
known. Manual annotation of metabolites with database identifiers is part of the
reconstruction process but, since doing so is as time consuming as collecting struc-
tures, annotations are often incomplete. As with any manual task, human error is
also a risk.

Applications that partially automate metabolite annotation have been developed for
the metabolomics and chemical informatics communities but have not been incorpo-
rated into metabolic reconstruction tools. In this study we evaluated three such ap-
plications [76, 77, 78] on the task of annotating metabolites in metabolic reconstruc-
tions. We identified the annotation strategy best suited for this task and suggested
ways to implement it in reconstruction tools. We applied this strategy with some
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modifications to update metabolite annotations in the latest human reconstruction
Recon 2, which is the largest metabolic network reconstruction to date. We added a
total of 2660 annotations to the reconstruction and corrected another 693. The up-
dated annotations will facilitate estimation of transformed reaction Gibbs energies
in Recon 2 with the component contribution method. We also hope that the paper
will guide developers of reconstruction tools in implementing partially automated
metabolite annotation in genome-scale metabolic reconstructions.
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The text of this chapter, in full, is a reprint of the material in Haraldsdóttir HS,
Thiele I, Fleming RMT (2012) Quantitative assignment of reaction directionality in
a multicompartmental human metabolic reconstruction. Biophysical journal 102:
1703-11. I was the primary author of this publication. The co-authors participated
in and directed the research that formed the basis for this chapter.
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2. Quantitative assignment of reaction
directionality in a multicompartmental
human metabolic reconstruction

2.1. Abstract

Reaction directionality is a key constraint in the modeling of genome scale metabolic
networks. We thermodynamically constrained reaction directionality in a multicom-
partmental genome scale model of human metabolism, Recon 1, by calculating in
vivo standard transformed reaction Gibbs energy as a function of compartment spe-
cific pH, electrical potential and ionic strength. We show that compartmental pH
is an important determinant of thermodynamically determined reaction directional-
ity. The effects of pH on transport reaction thermodynamics are only seen to their
full extent when metabolites are represented as pseudoisomer groups of multiple
protonated species. We accurately predict the irreversibility of 387 reactions, with
detailed propagation of uncertainty in input data, and manually curate the literature
to resolve conflicting directionality assignments. In at least half of all cases, a pre-
diction of a reversible reaction directionality is due to the paucity of compartment
specific quantitative metabolomic data, with remaining cases due to uncertainty in
estimation of standard reaction Gibbs energy. This study points to the pressing need
for (i) quantitative metabolomic data, and (ii) experimental measurement of ther-
mochemical properties for human metabolites.

2.2. Introduction

Genome scale metabolic reconstructions have found widespread applications in sys-
tems biology and biotechnology, including contextualization of high-throughput
data, guidance of metabolic engineering, directing hypothesis-driven discovery, in-
terrogation of multispecies relationships, and network property discovery [79, 80].
Given a stoichiometrically accurate representation of experimental biochemical and
molecular biological literature, one may use constraint-based reconstruction [15]
and analysis [81] methods for in silico phenotype prediction. The predictive fidelity
of a constraint-based model is dependent on the accuracy of the constraints used
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to eliminate physicochemically and biochemically infeasible network states. When
modeling metabolic networks with flux balance analysis [82], in general, the most
important constraints are derived from the steady-state mass balance assumption,
bounds on rates of exchange of metabolites with the surrounding medium and con-
straints on the direction of net flux for otherwise reversible reactions.

The constraint equations for a metabolic model define an under-determined feasible
set of reaction fluxes. In unicellular organisms, a biological objective [83], such
as maximization of biomass yield per unit of glucose uptake, can be used to pre-
dict a single flux vector within this feasible set [82]. With flux balance analysis of
a metabolic network [82], it is critical to realize that the optimal value of the ob-
jective is often strongly modulated by reaction directionality [84]. There are two
forms of thermodynamic constraints on reaction directionality. Local thermody-
namic constraints apply on a reaction by reaction basis, where a negative reaction
Gibbs energy dictates a net forward reaction flux [56]. Nonlocal thermodynamic
constraints apply to sets of reactions and arise due to the necessity to satisfy energy
conservation, in addition to the second law of thermodynamics [45, 85, 86].

Quantitative assignment of reaction directionality can be achieved empirically by
integration of thermodynamic constants [39, 67, 87] with quantitative metabolomic
data [42, 5, 43, 54, 50, 44]. Unfortunately, thermodynamic constants have not yet
been measured for most metabolites, but semi-empirical methods for estimating
standard metabolite species Gibbs energy [67] or standard reaction Gibbs energy
[87] are constantly improving. Ludwig von Bertalanffy (1901-1972) was a pio-
neer in systems theory who advocated that biochemical thermodynamics would be
central to systems approaches to biology [88]. We recently published an algorith-
mic pipeline, von Bertalanffy 1.0 [69], for quantitative assignment of reaction di-
rectionality in multicompartmental (multiphase) genome scale metabolic models.
This open source extension to the Constraint-Based Reconstruction and Analysis
(COBRA) toolbox [4] utilizes experimental [58] or computationally estimated [67]
standard metabolite species Gibbs energy, transformed to in vivo pH, temperature,
ionic strength and electrical potential, to predict upper and lower bounds on stan-
dard transformed reaction Gibbs energy. In models where pH, electrical potential
and ionic strength vary between compartments, each standard metabolite species
Gibbs energy must be transformed to a compartment specific standard transformed
Gibbs energy.

Here, we describe quantitative assignment of reaction directionality in Recon 1 [25],
based on biochemical thermodynamics [39, 44] and implemented with von Berta-
lanffy 1.1, where enumeration of metabolite structural groups is used to reduce un-
certainty in thermodynamic estimates [67]. Recon 1 is a genome scale model of hu-
man metabolism with 2,784 metabolites across eight cell compartments, with 2,125
nontransport reactions and 1,236 transport reactions. Reaction directionality in Re-
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con 1 had been assigned based on biochemical data, if available, otherwise reaction
direction was obtained from biochemical studies of identical reactions in other or-
ganisms or mechanistically similar reactions. In the absence of such information,
Recon 1 reactions were assumed to be reversible. Previously, thermodynamic con-
straints on reaction directionality were imposed on a reconstruction of human liver
metabolism, HepatoNet1 [20]. That approach did not explicitly account for vari-
ation in pH and electrostatic potential between compartments and assumed that a
single ionic species is representative of each metabolite, which does not always
hold [89, 44, 71]. Here we thermodynamically constrain Recon 1 by representing
each metabolite with a pseudoisomer group of ionic species that are calculated to
be significantly present in vivo. All metabolite species are assigned distinct thermo-
dynamic properties for each compartment using literature derived pH, electrostatic
potential and quantitative metabolomic data, where available. Alberty [40, 39, 58]
and more recently Jol et al. [71] have derived relations which indicate how pH and
electrostatic potential should be treated in multicompartmental models. Here we
provide a complementary derivation, arriving at the same result, but sheds new light
on the criterion for directionality of inter-compartmental transport reactions, when
pH and electrostatic potential are taken into account. We compare quantitative as-
signment of reaction directionality to qualitatively assigned Recon 1 directionality
and resolve discrepancies by detailed comparison with experimental literature. Fur-
thermore, we estimate bounds on in vivo concentration for a subset of metabolites,
which upon further research, agree well with experimental literature.

2.3. Methods

2.3.1. Standard transformed metabolite Gibbs energy of formation

In deriving the thermodynamic potential of each metabolite one must make care-
ful consideration of in vivo conditions [39]. We previously summarized the rele-
vant theory [44] and further theoretical explanation may be found in Section A.4 of
Appendix A. In short, many metabolites contain weakly acidic and/or basic func-
tional groups that have a tendency to loose or gain protons in aqueous solution.
At timescales typical for biochemical reactions, one may represent each metabolite
as an equilibrated mixture of differently charged ions, termed metabolite species.
This assumption is often indicated by referring to each metabolite as representing a
pseudoisomer group of metabolite species at equilibrium [39]. For a given metabo-
lite, the relative abundance of each species in the pseudoisomer group depends on
the pKa for deprotonation of that species and the pH (Figure A.1 in Appendix A).
The thermodynamic potential of a metabolite at in vivo conditions is a function
of metabolite concentration and standard transformed metabolite Gibbs energy of
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formation, ∆ f G′0i , given by

∆ f G′0i =−RT ln
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, (2.1)

where the summation is over standard transformed Gibbs energy of each metabolite
species j, within the pseudoisomer group i. At specified in vivo temperature T , ionic
strength I and pH, the standard transformed Gibbs energy of a metabolite species
with N j(H) hydrogen atoms and electrical charge Q j is given by
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where 4 f Go
j and 4 f Ho

j are the species standard Gibbs energy and standard en-
thalpy of formation respectively. Standard conditions are defined as T = 298.15 K
and I = 0 M. R in Eq. 2.2 is the universal gas constant. α is a function of tem-
perature and pressure; at 310.15 K and atmospheric pressure it is approximated as
α = 1.2008L

1
2 mol−

1
2 . We take B to be constant at 1.6L

1
2 mol−

1
2 [39]. The trans-

formation in Eq. 2.2 includes a van ’t Hoff approximate temperature adjustment,
a Legendre transformation for fixed hydrogen ion chemical potential, as well as an
extended Debye-Hückel theory adjustment to incorporate ionic strength. Incorpo-
ration of ionic strength into ∆ f G′0j allows subsequent metabolomic data integration
to be in terms of metabolite concentration rather than metabolite activity. This is
useful as it is generally metabolite concentration that is reported in experimental
studies.

Thermodynamic data

To calculate ∆ f G′0i , first we used tables of ∆ f G0
j that were back-calculated from

experimentally determined equilibrium constants and pKa by Alberty [58]. Second,
we complemented this approach by estimating ∆ f G0

j using a biochemically tailored
group contribution method developed in a series of papers by Henry et al. [42],
Jankowski et al. [67] and Finley et al. [90]. Hereafter, we distinguish experimentally
derived and estimated thermodynamic quantities with the subscripts obs and est,
respectively.

The software implementing the group contribution method requires, as input, a con-
catenation of MDL mol files. We obtained IUPAC International Chemical Identi-
fiers (InChIs) from the databases HMDB [91], KEGG [92] and ChEBI [93], then
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converted them to mol files with OpenBabel (version 2.3.0) [94]. The majority of
InChIs were retrieved from the three databases automatically by cross-referencing
metabolite data in Recon 1 with the data in each database (Figure A.2). Accurate
matching of Recon 1 metabolites with database entries was verified manually. If
no InChI was automatically retrieved we attempted to retrieve it manually from
the aforementioned databases. Where possible, InChIs were created manually with
MarvinSketch (v5.3.7, ChemAxon, Budapest, Hungary) for metabolites where no
InChI was available in any of the three databases.

Pseudoisomer groups

Alberty gives ∆ f G0
j,obs for all metabolite species of interest in the pH range 5-9 [39],

whereas the group contribution method that we used returns ∆ f G0
j,est for the single

most abundant metabolite species at pH 7 [67]. Approximating ∆ f G′0i,est away from
pH 7, with ∆ f G′0j,est for the most abundant species at pH 7, can lead to erroneous
results for reactions involving metabolites with significant mole fractions present as
nonpredominant species [71, 44]. To better account for the effects of pH on ∆ f G′0i,est ,
we calculated ∆ f G0

j,est for each metabolite species that is thermodynamically stable
in the pH range 5-9. To calculate ∆ f G0

j+1,est for a conjugate acid of the most abun-
dant species at pH 7 we used the group contribution estimate (∆ f G0

j,est) and the
equation [39]

∆ f G0
j+1,est = ∆ f G0

j,est −RT ln(10)pK j,est , (2.3)

where pK j,est is the acid dissociation constant for the weak acid at 0 M ionic strength.
Acid dissociation constants were estimated with a pKa calculator plugin (v5.3.7)
from ChemAxon.

Body temperature adjustment

Metabolite species ∆ f H0
j are required to accurately adjust ∆ f G′0i for temperature.

∆ f H0
j,obs are only available for a subset of metabolites with ∆ f G0

j,obs in Alberty’s
tables, and to the authors knowledge, there is no method for group contribution es-
timates of biochemical species standard enthalpies. Alberty provides both ∆ f G0

j,obs

and ∆ f H0
j,obs for 235 Recon 1 metabolites. Only 150 Recon 1 reactions involved

only these 235 metabolites. Due to this dearth of standard enthalpy data, we as-
sumed ∆ f H0

j = ∆ f G0
j for all metabolite species. We account for this assumption

by adding uncertainty to calculated ∆ f G′0i (see Section A.3.1). Assuming ∆ f H0
j =

∆ f G0
j is equivalent to rewriting Eq. 2.2 without a temperature adjustment to4 f Go

j .
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However, in Eq. 2.2, α is a function of temperature so ∆ f G′0j is not invariant with
respect to temperature change.

Data on compartment-speci�c conditions

For the eight compartments in Recon 1, pH and φ were obtained from the literature
(Table 2.1) and used to calculate compartment specific ∆ f G′0j according to Eq. 2.2.
Short reviews of the relevant literature for each compartment are given in Sections
A.1 and A.2. Temperature was set to 310.15 K for all compartments. To our knowl-
edge, in vivo ionic strength has not been measured at compartmental resolution but
it is generally assumed to lie between 0.05 M and 0.25 M [39]. Uncertainty in ionic
strength was factored into uncertainty in calculated in vivo standard transformed
Gibbs energies of formation (see Section A.3.1).

Table 2.1: pH and electrical potential relative to cytosol (∆φ ) in each of the eight
cellular compartments included in Recon 1. See Table A.1 for the corresponding
literature references. *Variability in peroxisomal pH and ∆φ was accounted for by
adding uncertainty to standard transformed Gibbs energy estimates for peroxisomal
metabolites and reactions (see Sections A.3.1 and A.3.2).

Compartment pH ∆φ (mV)
Cytosol and nucleus 7.20 0
Extracellular fluid 7.40 30
Golgi apparatus 6.35 0
Lysosomes 5.50 19
Mitochondria 8.00 -155
Endoplasmic reticulum 7.20 0
Peroxisomes* 7.00±1.2 12±74

2.3.2. Standard transformed reaction Gibbs energy

Standard transformed reaction Gibbs energy ∆rG′0 for reactions in Recon 1 was
calculated using von Bertalanffy 1.1 [69], the latest version of which is freely avail-
able as part of the openCOBRA project [4]. The inputs to von Bertalanffy 1.1
include a stoichiometric matrix of mass balanced chemical reactions, elemental for-
mulae, ∆ f G0

j from heterogeneous sources as well as compartment specific pH, ionic
strength and electrical potential. This data is integrated to provide ∆rG′0k for the kth

biochemical reaction
∆rG′0k ≡ ST

k ·∆ f G′0, (2.4)
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where Sk ∈ Zm,1 denotes the corresponding column from the stoichiometric matrix
and ∆ f G′0 ∈ Rm,1 contains ∆ f G′0i for all metabolites. Where a reaction involves
metabolites with thermodynamic estimates from different standard states, we ad-
justed them all to have the same baseline as described in our previous paper on E.
coli [44].

As described in detail in Section A.3.2, the uncertainty in standard transformed re-
action Gibbs energy, denoted ur,k, was calculated as the Euclidean norm of three
independent sources of uncertainty, (1) uncertainty associated with the standard
Gibbs energy of metabolite structural groups that are either created or destroyed
during a chemical reaction, (2) uncertainty associated with the limited availability
of experimental data on standard enthalpy of formation, and (3) uncertainty asso-
ciated with the dearth of experimental literature on ionic strength. An additional
source of uncertainty for peroxisomal reactions was variability in peroxisomal pH
and membrane potential (see Table 2.1). The 95% confidence interval that we use
to define minimum and maximum standard transformed reaction Gibbs energy, are
∆rG′0k,min ≡ ∆rG′0k −ur,k and ∆rG′0k,max ≡ ∆rG′0k +ur,k respectively.

As discussed in Section 2.3.1, due to limited availability of experimental data on
standard enthalpy, we assumed that ∆ f H0

j = ∆ f G0
j for all metabolite species in or-

der to calculate Gibbs energies at body temperature. Metabolite species standard
Gibbs energy of formation can be defined as ∆ f G0

j = ∆ f H0
j −T ∆ f S0

j , where ∆ f S0
j

is standard entropy of formation [39]. This definition of ∆ f G0
j shows that the error

resulting from the assumption that ∆ f H0
j = ∆ f G0

j depends on the magnitude of the
contribution of entropy to ∆ f G0

j . Errors in standard transformed reaction Gibbs en-
ergies, calculated based on this assumption, likewise depend on the magnitude of
the entropic contribution. The contribution of entropy to standard transformed reac-
tion Gibbs energy was less than 1 kJ/mol in magnitude for 145 of the 150 Recon 1
reactions that only involved metabolites with known ∆ f H0

j (Figure A.3). Maximum
entropic contribution to ∆rG′0k , was 3.65 kJ/mol for hydrolysis of D-fructose-1,6-
bisphosphate by fructose-bisphosphatase (E.C. 3.1.3.11).

Transport reaction thermodynamics Equation 2.4 is only valid for reactions
taking place within a single compartment. When a reaction involves transport of
metabolite species between different compartments with different hydrogen ion ac-
tivity or electrical potential then the standard transformed reaction Gibbs energy is

∆rG′0k =−N(H)∆∆ f G(H)−FQ∆φ +ST
k ·∆ f G′0, (2.5)

where N(H) the net number of hydrogen ions transported from initial to final com-
partment, ∆∆ f G(H) is the difference between initial and final compartment hydro-
gen ion Gibbs energy of formation, F is Faraday’s constant, Q is the net number of
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charges transported from initial to final compartment and ∆φ is the difference be-
tween the electrical potential of the initial and final compartments. A swift deriva-
tion of Eq. 2.5 is provided in Section A.4. It is important to note that the stoi-
chiometry of each transport reaction must accurately reflect the mechanism of inter-
compartmental transport, down to the details of the charged species transported.

2.3.3. Metabolite concentrations

Compartment-specific concentration ranges for the most highly connected Recon
1 metabolites, typically cofactors, were obtained from The Human Metabolome
Database (HMDB) [91] and directly from literature (Table A.2 in Appendix A).
Non-compartment specific concentrations were listed in HMDB for other compart-
ment specific metabolites. From HMDB we obtained both plasma and cytosolic
concentrations for certain metabolites (Figure 2.1). However, due to the significant
fraction of these metabolites with differences in plasma versus cytosolic concen-
tration, of over an order of magnitude or more in some cases, we did not use non-
compartment specific concentrations. Where compartment specific concentrations
could not be obtained, we constrained concentrations between xmin = 10−7 M and
xmax = 10−2 M. These bounds were based on lower and upper limits on all exper-
imentally determined cytosolic metabolite concentrations listed in HMDB. There
are exceptions for water and dissolved gases (see Section A.5).

2.3.4. Quantitative assignment of reaction directionality

The minimum and maximum transformed reaction Gibbs energy are given by

∆rG′0k,min ≡ ∆rG′0k −ur,k + inf
x
{ST

k · log(x)}

∆rG′0k,max ≡ ∆rG′0k +ur,k + sup
x
{ST

k · log(x)}

where inf denotes the infimum and sup denotes the supremum with respect to the
bounds on metabolite concentrations described in Section 2.3.3. By the second law
of thermodynamics. We say that a reaction may be assigned to be quantitatively
forward, if ∆rG′k,max < 0, or quantitatively reverse if ∆rG′k,min > 0. A reaction is
quantitatively reversible if the physiological range of biochemical reaction trans-
formed Gibbs energy spans the zero line i.e., ∆rG′k,min < 0 < ∆rG′k,max. Computed
reaction Gibbs energies, uncertainty and quantitative directionalities are given as
supporting data, available online at http://www.sciencedirect.com/science/
article/pii/S0006349512002639.
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Figure 2.1: Both cytosolic and plasma concentrations, x, were listed in HMDB for
33 metabolites. For many metabolites the correlation between cytosolic and plasma
concentration was good (open circles), but for some metabolites the concentration
can differ between cytosol and plasma by more than an order of magnitude (solid
circles). We conservatively conclude that plasma concentration data can not gener-
ally be assumed to represent cytosolic concentration.

2.3.5. Concentration variability

Given concentration bounds and thermodynamic data Section 2.4.3 describes a method
for quantitatively assigning reaction directionality. Quantitative assignments can be
used to compute more constrained bounds on metabolite concentrations [5, 50, 95].
Such calculation of (logarithmic) concentration zi ≡ ln(xi) variability is an estab-
lished facet of network-embedded thermodynamic analysis [5, 96]. The calculation
of (logarithmic) concentration variability is a set of 2×m linear optimization prob-
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lems

min/max dT · z (2.6)

sub ject to zmin ≤ z≤ zmax, (2.7)

∆rG′ = ∆rG′0 +RT ·ST · z, (2.8)

∆rG′0min ≤ ∆rG′0 ≤ ∆rG′0max, (2.9)

vk > 0⇒ ∆rG′k < 0, vk < 0⇒ ∆rG′k > 0, (2.10)

where, for each ith metabolite, the objective is minimized and maximized with di = 1
and zero otherwise. Eq. 2.7 is default bounds on logarithmic concentration (Section
2.3.3). Eq. 2.8 relates logarithmic concentration to change in transformed reaction
Gibbs energy. Eq. 2.9 are the bounds on standard transformed reaction Gibbs energy
as described in 2.3.2. In Eq. 2.10, vk > 0 denotes a net forward flux direction
through an essential metabolic pathway [25, 22] and the corresponding inequality
∆rG′k < 0 is implied by the second law of thermodynamics.

2.4. Results and discussion

2.4.1. Standard transformed Gibbs energy of formation

By integrating experimentally observed and computationally estimated thermody-
namic data with human compartment-specific physiological variables (Eq. 2.1 and
2.2), we calculated standard transformed Gibbs energy of formation ∆ f G′0i for two
thirds (1891/2784) of all metabolites in Recon 1. Just over a fifth (413/1891) of
these metabolites, ∆ f G′0i were calculated using ∆ f G0

j,obs from Alberty’s textbooks
[39, 58]. For the remaining metabolites (1478/1891) ∆ f G0

j,est were estimated using
a group contribution method [90, 42, 67]. The majority (784/893) of metabolites
for which no ∆ f G0

j,est could be obtained, were macromolecules of variable structure
whose InChI strings could not be unambiguously generated. Examples included
heparan sulfates, which are of variable length and composition. The remaining
metabolites (109/893) contained structural groups, such as nitro (-NO2) or sulfinyl
(>S=O) groups, which were not covered by the group contribution method .

The pH affects ∆ f G′0i for weakly acidic or basic metabolites, by altering the equilib-
rium distribution of metabolite species within their respective pseudoisomer groups
(Figure A.1). To accurately account for this effect, ∆ f G0

j for each metabolite species
must be known. The group contribution method returns ∆ f G0

j,est for the single most
predominant species at pH 7 for each metabolite [67]. Using this single output as
a starting point, we computed ∆ f G0

j,est for all other metabolite species present at a
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significant mole fraction (≥ 0.05), at some point in the pH range 5 - 9. We found
that nearly one fifth (341/1891) of metabolites had more than one species present at
a significant mole fraction at compartmental pH. Combined, these metabolites par-
ticipate in close to half (1484/3361) of all reactions. Standard error in ∆ f G′0i,est for
402 metabolites where both ∆ f G′0i,obs and ∆ f G′0i,est were available, was 10.60 kJ/mol
when they were represented as pseudoisomer groups of multiple ionic species, and
14.17 kJ/mol when they were represented by the predominant species at pH 7 only.

An illustrative example of a highly connected metabolite that consists of an equi-
librium mixture of multiple ionic species at physiological pH is the phosphate ion.
The predominant phosphate species at 298 K, 0 M ionic strength and pH 7 is HPO2-

4 .
The group contribution method returned an estimate of ∆ f G0

j for this species. The
species equilibrium shifts with temperature, ionic strength and pH so that, in a hu-
man lysosome, H2PO1-

4 is the predominant phosphate species (Figure A.1). By
computing ∆ f G0

j for H2PO1-
4 , we captured the effects that this shift in species equi-

librium has on ∆ f G′0i (Table A.3 and Figure A.4).

2.4.2. Standard transformed reaction Gibbs energy

Sufficient data was available to calculate standard transformed reaction Gibbs en-
ergy (∆rG′0k ) and transformed reaction Gibbs energy (∆rG′k) for nearly two thirds
(2129/3361) of reactions in Recon 1 (Figure A.5). When available, experimental
data ∆ f G0

j,obs was used in preference to group contribution estimates ∆ f G0
j,est , but

a minority of reactions were calculated using experimental data alone and most
∆rG′0k were calculated using at least one ∆ f G0

j,est (Figure A.6). A large majority
(1955/2129) of reactions had ∆rG′0k between -100 and 50 kJ/mol, but a signifi-
cant number (100/2129) had a large negative ∆rG′0k of around -400 kJ/mol (Figure
A.7). These reactions all involved oxidation by O2 or reduction by H2O2, NADH or
NADPH.

Varying the pH affects ∆rG′0k for both nontransport and transport reactions to a sim-
ilar extent (Figure A.8). The difference in ∆rG′0k between pH 5 and pH 9 was up
to 95.87 kJ/mol for nontransport reactions, and up to 95.00 kJ/mol for transport re-
actions. The fact that ∆rG′0k for a single reaction can vary to this degree within the
range of physiological pH has implications for compartmentalization of reactions in
metabolic reconstructions. A reaction mechanism that has been well characterized
in one compartment (or between a pair of compartments), can not be assumed to
represent the mechanism for another compartment without careful consideration of
differences in compartmental conditions. Nontransport reactions that were affected
the most by changes in pH were mainly hydrolysis reactions, where the difference
in number of bound hydrogen atoms between reactants and products was greatest.
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The extent to which pH affected transport reactions was in proportion to the number
of translocated protons, so that proton antiport or symport reactions were affected
the most.

To capture the full extent of the effects of pH on ∆rG′0k , acidic and basic metabolites
must be represented as pseudoisomer groups of multiple ionic species. This is par-
ticularly important for transport reactions (Figure A.8). Compartmental differences
in pH affect ∆rG′0k for transport reactions by two mechanisms. First; by altering the
distribution of species within the pseudoisomer groups of transported metabolites
(Eq. 2.2 and 2.3), and second; by altering the chemical potential of transported
hydrogen ions (Eq. 2.5). Only the second effect is captured when metabolites are
represented by the single most predominant species at pH 7 (Figure A.9). Standard
error in ∆rG′0k,est for 212 transport reactions involving only metabolites for which
both ∆ f G′0i,obs and ∆ f G′0i,est were known, was 1.41 kJ/mol when metabolites were rep-
resented as pseudoisomer groups in calculations of ∆ f G′0i,est , but 7.23 kJ/mol when
they were represented by single species. Standard error in ∆rG′0k,est for 155 non-
transport reactions was 10.85 kJ/mol when metabolites were represented as pseu-
doisomer groups, and 11.02 kJ/mol when they were represented by single species.
The distribution of species within the pseudoisomer groups of metabolites therefore
appears to be more of a factor in determining ∆rG′0k for transport reactions.

2.4.3. Quantitative assignment of reaction directionality

We say that reaction directions in Recon 1 are qualitative assignments, as they are
typically based on qualitative biochemical data from enzyme characterization stud-
ies. Some Recon 1 reaction directions were qualitatively assigned based on indirect
evidence, e.g. identical reactions in other organisms or mechanistically similar re-
actions [15]. We say that a reaction is quantitatively forward, if ∆rG′k,max < 0, and
quantitatively reverse if ∆rG′k,min > 0. A reaction is quantitatively reversible if the
physiological range of biochemical reaction transformed Gibbs energy spans the
zero line i.e., ∆rG′k,min < 0 and 0 < ∆rG′k,max.

Table 2.2 compares qualitative and quantitative assignment of reaction direction-
ality for 2129 reactions in Recon 1. Results for each reaction are given in the
supporting data (at http://www.sciencedirect.com/science/article/pii/
S0006349512002639). A total of 332 nontransport reactions, and 28 transport re-
actions were both qualitatively and quantitatively forward. This set of reactions
mainly consisted of redox reactions involving O2, H2O2, NAD or NADP, phosphate
group transfer reactions and hydrolysis reactions.

The majority (881/1244) of qualitatively forward reactions were quantitatively re-
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Table 2.2: Comparison of qualitative and quantitative directionality assignments.
Qualitative directionality assignments were made manually when Recon 1 was re-
constructed, while quantitative assignments were made based on minimum and
maximum transformed Gibbs energy (∆rG′k) achievable within the specified bounds
on metabolite concentrations. *Qualitative and quantitative directionality agreed
for 360 reactions.

Quantitative directionality
Qualitative directionality Forward Reversible Reverse

Nontransport Forward 332* 638 2
reactions Reversible 19 328 3
Transport Forward 28* 243 1
reactions Reversible 4 528 3

versible. There are two reasons for this; lack of metabolite concentration data and
uncertainty in standard transformed reaction Gibbs energy. Figure 2.2 demonstrates
that at least a thousand reactions could potentially be assigned thermodynamically
forward (or reverse) if sufficient metabolite concentration data became available in
the future. Remaining reactions could only be assigned thermodynamically forward
(or reverse) if more precise standard Gibbs energies also become available in fu-
ture. This is especially important for reactions involving metabolites where many
structural groups are not invariant with respect to the reaction. Moreover, from
the perspective of an analytical chemist or experimental thermochemist, Figure 2.2
points to those metabolites that would benefit most from quantitative intracellular
compartmentally resolved metabolomic experiments, and those reactions that would
benefit most from a measurement of their equilibrium constant.

A small number (29/2129) of reactions were qualitatively reversible but quantita-
tively irreversible in either the forward (23/30) or the reverse (6/30) direction. Flux
variability analysis [97] on Recon 1 revealed that 11 of the quantitatively forward
reactions and one of the quantitatively reverse reactions could only ever proceed in
the direction that was consistent with their quantitative directionality. An example
is the mitochondrial glutathione peroxidase (E.C. 1.11.1.9 ) reaction

2 reducedglutathione + H2O2 → oxidizedglutathione + 2 H2O,

which was qualitatively reversible but quantitatively forward. Flux variability anal-
ysis revealed that, if the cell represented by Recon 1 is constrained to produce non-
zero biomass, this reaction can never carry negative flux. Its effective qualitative
directionality therefore agrees with its quantitative directionality.

Only 19 reactions had inconsistent qualitative and quantitative directionality, i.e.,
were qualitatively reversible but quantitatively irreversible, or qualitatively forward
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Figure 2.2: Standard transformed reaction Gibbs energy (∆rG′0k , green) with un-
certainty (ur, blue), as well as feasible ranges of transformed reaction Gibbs en-
ergy (∆rG′k, red), for all quantitatively reversible reactions in Recon 1. Approxi-
mately half of the reactions were reversible due to the broad, generic metabolite
concentration range (10−7−10−2 M) used in our analysis (shaded region). A more
precise prediction of the directionality of these reactions could be made upon in-
creased availability of compartmentally resolved quantitative metabolomic data.
The other half of quantitatively reversible reactions were reversible because the
range ∆rG′0k ± ur included 0 kJ/mol (non-shaded region). Availability of more pre-
cise thermodynamic data would further aid prediction of the directionality of these
reactions.

but quantitatively reverse. From a literature review, we found that five of these
reactions had incorrect quantitative directionality assignments, nine had incorrect
qualitative assignments, and five had potentially incorrect stoichiometries in Recon
1 (see Section A.6). All five reactions with incorrect quantitative directionality as-
signments involved complex structural transformations such as ring openings. The
group contribution method we used does not appear to be well suited for estimation
of ∆rG′0k for such reactions. Based on our results for the five reactions with incor-
rect quantitative directionality, our confidence in estimated ∆rG′0k for other similarly
complex structural transformations is low.

40



2.4.4. Concentration variability

We sought to test the accuracy of our calculations of standard reaction Gibbs energy
by predicting compartment specific concentration ranges that are also consistent
with net flux through reactions in directions known to be essential for normal func-
tion of human metabolism. Recon 1 was validated by flux balance based simulation
of 288 known metabolic functions found in a variety of cell and tissue types [25].
We determined essential flux directions by repeating these 288 simulations, with
only those reactions set to irreversible that were both qualitatively and quantitatively
irreversible in the same direction. Flux directions that were consistent across all 288
simulations were taken to be essential. A total of 455 reactions had consistent flux
directions in all simulations. Given standard reaction Gibbs energies and default
bounds on metabolite concentrations, the directionality constraints on these 455 re-
actions (Eq. 2.10) act to further narrow the range of metabolite concentration. This
narrowed range can be found by linear optimization as described in Section 2.3.5.

Compared with default concentration ranges, 11 metabolites had their range nar-
rowed by an order of magnitude or more (Figure 2.3). In the output from the lin-
ear optimization solver, the non-zero dual variables indicate the constraint(s) that
bound metabolite concentration. We used this to identify the reaction directionality
constraints (Eq. 2.10) that actively narrow a bound on a metabolite’s concentra-
tion range (see supporting data at http://www.sciencedirect.com/science/
article/pii/S0006349512002639). A narrower concentration range was always
the result of a directionality constraint on a single reaction. In some cases, a direc-
tionality constraint on a single reaction could impose bounds on multiple metabolite
concentrations. An example of this was the mitochondrial folypolyglutamate syn-
thase (E.C. 6.3.2.17) reaction

7,8-dihydrofolate + 4 L-glutamate + 4 ATP

→ pentaglutamylfolate + 4 ADP + 4 Pi + 4 H+,

which was constrained to be irreversible in the forward direction. The directionality
constraint on this reaction, combined with bounds on mitochondrial concentrations
of ATP and ADP (Table A.2), imposed narrowed bounds on mitochondrial concen-
trations of 7,8-dihydrofolate, L-glutamate, pentaglutamyl folate and inorganic phos-
phate (Figure 2.3). Measurements of mitochondrial concentrations of L-glutamate
have ranged from 2×10−4 M [98] to 1.7×10−2 M [99] which agrees well with our
prediction. Mitochondrial concentrations of 7,8-dihydrofolate, pentaglutamyl folate
and inorganic phosphate have not to our knowledge been measured.

Concentration ranges of seven additional metabolites were narrowed by an order
of magnitude of more (Figure 2.3). The narrower concentration bounds were in all
seven cases due to constraints on the directionality of passive diffusion reactions
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Figure 2.3: Default (black) and predicted (red) variability in logarithmic concen-
tration ranges, where the predicted concentration range was more narrow by an
order of magnitude or more. As described in Section 2.3.5, we predicted concentra-
tion variability by combining the thermodynamic data computed in this study, with
knowledge of reaction directions required for metabolically essential functions. We
observed that predicted concentrations agree well with available literature on ex-
perimentally observed concentration ranges (blue), or Michaelis constants (green)
of compartment specific enzymes consuming the corresponding metabolite. Metabo-
lite names corresponding to the abbreviations in the figure are given in the sup-
porting data (at http: // www. sciencedirect. com/ science/ article/ pii/
S0006349512002639 ).

that transported the metabolites between two cell compartments. The concentration
of ammonia in peroxisomes was further constrained by bounds on cytosolic am-
monia concentration, and the concentrations of phosphate in peroxisomes and the
Golgi apparatus were constrained by bounds on cytosolic phosphate concentration
(Table A.2). As literature reports of compartment specific concentrations were not
found for any of the seven metabolites, we searched instead for Michaelis constants
of compartment specific enzymes that consume each of them [100, 101, 102]. In a
quantitative metabolomic study of E. coli, it was observed that most metabolite con-
centrations are between two orders of magnitude above the Michaelis constant KM

and one order of magnitude below it [103]. Our literature search returned Michaelis
constants of one cytosolic enzyme for aminoacetone [100] and two for glyoxylate
[104]. Predicted concentrations were always within one order of magnitude below
measured Michaelis constants (Figure 2.3).
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The aim of this analysis was to predict generic bounds on metabolite concentrations.
We therefore constrained only a small subset of Recon 1 reaction directions that
were essential for multiple metabolic functions. Even with such loose constraints we
were able to predict compartment specific concentration ranges for 11 metabolites.
Simulation of a single metabolic objective could be used to constrain a larger set
of reaction directions. With tighter constraints we expect that condition specific
concentration ranges could be predicted for an increased number of metabolites.

2.5. Conclusions

We have calculated in vivo standard transformed Gibbs energy estimates for 1,891
metabolites, 807 transport reactions and 1,322 nontransport reactions in Recon 1;
a multicompartmental reconstruction of human metabolism [25]. This was accom-
plished through use of von Bertalanffy 1.1 [69], an open source software package
for thermodynamic calculations and reaction directionality assignment in multicom-
partmental genome scale models. The resulting thermodynamically constrained
model can be used in various thermodynamics-based analysis of genome-scale metabolic
networks, most of which depend on availability of standard transformed Gibbs en-
ergies at in vivo conditions. Examples include methods to constrain reaction di-
rectionality [43, 50, 44], determine potential regulatory sites [5, 50] and evaluate
thermodynamic feasibility of individual reactions [42], flux distributions [50, 54],
metabolic pathways [90] and metabolomic data [5, 96].

Recon 1 consists of eight cellular compartments that can have different pH, elec-
trical potential and ionic strength. This feature poses certain challenges for calcu-
lations of standard transformed Gibbs energies for metabolites and reactions. To
accurately account for the effects of the environmental variables on Gibbs energy,
weakly acidic or basic metabolites must be represented as pseudoisomer groups
of multiple ionic species. Differences in compartmental conditions must be taken
into account in calculations of standard transformed Gibbs energies for transport
reactions. We accounted for all metabolite species present at physiological pH and
adjusted all Gibbs energies to cell compartment specific conditions. A thorough
treatment of transport reaction thermodynamics enabled us to estimate standard
transformed reaction Gibbs energies for transport reactions with high confidence.
We showed that compartmental pH is an important determinant of thermodynamic
feasibility of reactions, and should be viewed as such in compartmentalization of
reactions.

We demonstrated the utility of estimated standard transformed Gibbs energies by
quantitatively assigning reaction directionality. A large majority of the 392 ther-
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modynamically irreversible reactions were also irreversible in Recon 1, providing
thermodynamic confirmation of the directionality of these reactions. With the com-
bination of estimated standard transformed reaction Gibbs energies and quantitative
directionality assignments we were able to predict compartment-specific concentra-
tion ranges for 11 Recon 1 metabolites. Our predictions were in good agreement
with available literature. Manual identification of irreversible reactions in novel
metabolic reconstructions is a time consuming and labor intensive process. Au-
tomating this process for multicompartmental models is of significant value to the
systems biology community. Kümmel et al. [43] developed an algorithm to auto-
matically identify and eliminate thermodynamically infeasible reaction directional-
ities from metabolic reconstructions. They identified 130 irreversible reactions in a
genome scale reconstruction of Escherichia coli metabolism. The number of irre-
versible reactions identified with von Bertalanffy 1.1 compares favorably with these
results.

The calculation of standard transformed Gibbs energies for biochemical reactions is
of immediate use in the assignment of reaction directionality. Ultimately, our results
will be applied to thermodynamically constrain the feasible set of kinetic parameters
[105, 106] for a mass conserved elementary kinetic model of human metabolism
[107]. Establishing quantitatively correct thermodynamic constraints on elementary
kinetic parameters, in the form of Haldane relations for composite reactions [108],
would solve a large part of the kinetic parameter estimation problem.

Thermodynamically constraining composite metabolic reactions is based on estab-
lished thermodynamic theory [39]. The accuracy of estimated thermodynamic vari-
ables is limited by the quality of input data. We have attempted to compile all
thermodynamically relevant data for humans in our calculations, and found it lack-
ing in some aspects. Due mainly to the dearth of quantitative metabolomic data, and
to a lesser extent uncertainty in standard Gibbs energies of formation, the majority
of biochemical reactions in Recon 1 were estimated to be quantitatively reversible.
Greater precision in quantitative directionality assignments depend primarily on the
availability of compartmentally resolved metabolomic data and secondarily on im-
provement in semi-empirical [67, 87] or ab initio [109, 110, 111] computational
methods for estimating thermodynamic parameters.
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The text of this section, in full, is a reprint of the material in Noor E, Haraldsdót-
tir HS, Milo R, Fleming RMT (2013) Consistent estimation of Gibbs energy using
component contributions. PLoS Computational Biology 9: e1003098. Elad Noor
and myself were joint primary authors of this publication. The co-authors partici-
pated in and directed the research that formed the basis for this section.
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3. Consistent estimation of Gibbs energy
using component contributions

3.1. Abstract

Standard Gibbs energies of reactions are increasingly being used in metabolic mod-
eling for applying thermodynamic constraints on reaction rates, metabolite concen-
trations and kinetic parameters. The increasing scope and diversity of metabolic
models has lead scientists to look for genome-scale solutions that can estimate the
standard Gibbs energy of all the reactions in metabolism. Group contribution meth-
ods greatly increase coverage, albeit at the price of decreased precision. We present
here a way to combine the estimations of group contribution with the more accurate
reactant contributions by decomposing each reaction into two parts and applying
one of the methods on each of them. This method gives priority to the reactant con-
tributions over group contributions while guaranteeing that all estimations will be
consistent, i.e. will not violate the first law of thermodynamics. We show that there
is a significant increase in the accuracy of our estimations compared to standard
group contribution. Specifically, our cross-validation results show an 80% reduc-
tion in the median absolute residual for reactions that can be derived by reactant
contributions only. We provide the full framework and source code for deriving
estimates of standard reaction Gibbs energy, as well as confidence intervals, and
believe this will facilitate the wide use of thermodynamic data for a better under-
standing of metabolism.

3.2. Introduction

A living system, like any other physical system, obeys the laws of thermodynamics.
In the context of metabolism, the laws of thermodynamics have been successfully
applied in several modeling schemes to improve accuracy in predictions and elim-
inate infeasible functional states. For instance, several methodologies that reflect
the constraints imposed by the second law of thermodynamics have been devel-
oped [112, 51, 86] and were shown to remove thermodynamically infeasible loops
and improve overall predictions. Alternatively, thermodynamic data have been inte-
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grated directly into genome-wide models and analysis methods [42, 70, 50, 96, 44,
47, 12]. Unfortunately, this integration has been hindered by the fact that thermo-
dynamic parameters for most reactions are effectively missing (sometimes due to
scattered accessibility or non-standard annotations).

The nearly ubiquitous method for experimentally obtaining thermodynamic param-
eters for biochemical reactions, specifically their standard transformed Gibbs en-
ergies ∆rG′◦, is directly measuring the apparent equilibrium constant K′ and then
applying the formula ∆rG′◦ = −RT ln(K′), where R is the gas constant and T is
the temperature. Typically, the substrates of the reaction are added to a buffered
medium together with an enzyme that specifically catalyzes the reaction. After the
concentrations reach a steady-state, the reaction quotient Q is calculated by dividing
the product concentrations by the substrate concentrations. It is recommended to do
the same measurement in the opposite direction as well (starting with what were ear-
lier the products). If the experiment is successful, and the steady-state reached is an
equilibrium state then both values for Q (measured in both directions) will be equal
to K′ and thus to each other. Notably, due to the nature of this method, only reactions
with ∆rG′◦ close to the equilibrium value of zero can be directly measured since cur-
rent technology allows measuring metabolite concentrations only within a range of
a few orders of magnitude. Although this method involves purifying substantial
amounts of the enzyme, it has been applied to many of the enzyme-catalyzed reac-
tions studied throughout the last century and the results were published in hundreds
or even thousands of papers. A comprehensive collection of measured K′ (among
other thermodynamic parameters), for more than 400 reactions, has been published
by the National Institute of Standards and Technology (NIST) in the Thermodynam-
ics of Enzyme-Catalyzed Reactions Database (TECRDB [55]). However, even this
wide collection covers less than 10% of biochemical reactions in standard metabolic
reconstructions, such as the E. coli model iAF1260 [70].

In 1957 [113], K. Burton recognized that these apparent equilibrium constants can
be used (together with chemically derived standard Gibbs energies for some sim-
ple compounds) to calculate equilibrium constants of reactions with no known K′

values. This method is based on the notion that by knowing the ∆rG′◦ of two dif-
ferent reactions, one can calculate the ∆rG′◦ of the combined reaction by sum-
ming the two known standard transformed Gibbs energies – as dictated by the
first law of thermodynamics. For example, although the reaction of ATP hydrol-
ysis (AT P+H2O 
 ADP+Pi) might be too far from equilibrium to be measured
directly, one can more easily measure the K′ of the reactions of glucose kinase
(AT P + glucose 
 ADP + glucose-6P; ∆rG′◦ ≈ −25 kJ/mol) and of glucose-6P
phosphatase (glucose-6P+H2O 
 glucose+Pi; ∆rG′◦ ≈ −12 kJ/mol), which are
both closer to equilibrium. The standard transformed Gibbs energy for the total
reaction (i.e. ATP hydrolysis) would thus be ∆rG′◦ ≈−37 kJ/mol.
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In order to facilitate these K′ calculations, Burton published a table of about 100
inferred standard Gibbs energies of formation (∆ f G◦) which are defined as the stan-
dard Gibbs energy ∆rG◦ of the formation reaction, i.e. the reaction of forming a
compound out of pure elements in their standard forms (e.g. 1

2 O2 +H2 
 H2O).
Some of these values were taken from chemical thermodynamic tables, and the
rest were derived by Burton using the arithmetic approach of combining reactions.
For instance, if all species except one in an enzyme-catalyzed reaction have known
∆ f G◦, and the reaction’s ∆rG◦ can be obtained experimentally, then the last remain-
ing ∆ f G◦ can be calculated and added to the table. After compiling such a table,
the ∆rG◦ of any reaction involving species that appear in the table can be easily
calculated by summing the formation energies of all the products and subtracting
those of the substrates. Throughout this paper we will refer to this method of cal-
culating ∆rG◦ as the Reactant Contribution (RC) method, since it is based on the
contribution of each reactant to ∆rG◦ (i.e. its standard Gibbs energy of formation).

In the 50 years following Burton’s work, several such tables of formation Gibbs
energies have been published. Some of the most noteworthy are the table by R.
Thauer [57] and the larger collection by R. Alberty [39, 58]. Using these values, one
can determine Gibbs energies for more reactions at a wider range of physiological
conditions (pH, ionic strength) than the set of reactions measured and stored in
TECRDB. However, even this advanced method covers less than 10% of reactions
in the E. coli model. This gap has prompted scientists to develop methods that can
estimate the missing thermodynamic parameters for genome-wide models.

Quite coincidentally, a year after Burton published his thermodynamic tables, S.
Benson and J. Buss [61] published their work on additivity rules for the estima-
tion of molecular properties. Benson and Buss called the law of additivity of atomic
properties a zero-order approximation, the additivity of bond properties a first-order
approximation, and the additivity of group properties a second-order approxima-
tion. Groups were defined as pairs of atoms or structural elements with distances of
3-5 Å. The contribution of each group to the total was determined by linear regres-
sion. Using the second-order approximation, ∆rG◦ is calculated as the sum of the
standard Gibbs energy contributions of groups that are produced in the reaction, mi-
nus the contributions of groups that are consumed. This method is commonly called
the Group Contribution (GC) method. Burton’s method of calculating the Gibbs en-
ergy of formation for compounds (which we denote RC) can be thought of as a
∞-order approximation, where the entire molecule is taken as the basic additivity
unit for estimating the ∆rG◦ (of course, this is not actually an approximation).

Group contribution methods were relatively successful in estimating the thermody-
namic parameters of ideal gases [61, 62, 63, 114], and later extended to liquid and
solid phases [115]. Only in 1988 [65] was it brought to the world of biochemical re-
actions in aqueous solutions and has since become the most widely used technique
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for estimating the Gibbs energy of reactions [66, 67, 116]. GC methods can cover
the majority of relevant biochemical reactions (≈ 90% and≈ 70% of the reactions in
E. coli and human cell metabolic models respectively) [70, 12, 116]. The downside
of GC lies in its accuracy, since it relies on a simplifying assumption that the con-
tributions of groups are additive. Evidently, the average estimation error attributed
to GC is about 9-10 kJ/mol [67]. In a recent study, we showed that an improve-
ment of ≈ 14% can be achieved by considering different pseudoisomers that exist
simultaneously for many of the compounds [116] (see Section B.1 of Appendix B
for details). Even with this improvement, error in GC estimates is still significantly
higher than in RC estimates (Figure 3.1).

In this paper, we aim to unify GC and RC into a more general framework we call
the Component Contribution method. We demonstrate that component contribution
combines the accuracy of RC with the coverage of GC in a fully consistent manner.
A plot comparing the component contribution method to other known methods is
given in Figure 3.1.

3.2.1. Unifying reactant and group contribution methods

The extensive use of formation Gibbs energies for calculating ∆rG◦ might create
the impression that combining these two frameworks (RC and GC) is a trivial task.
Traditionally, the formation energy of all pure elements in their standard forms is
set to zero by definition. All other compounds’ formation energies are calculated in
relation to these reference points. This is a sound definition which creates a consis-
tent framework for deriving the ∆rG◦ of any reaction which is chemically balanced.
However, the difficulty of calculating the formation energy for some complex but
useful co-factors has been side-stepped by creating a somewhat looser definition
of formation Gibbs energy, where several non-elemental compounds are defined as
reference points as well (with a standard formation energy of zero). For some rare
reactions, this definition can create a conflict that will result in a very large mistake
in the ∆rG◦.

For instance, Alberty’s formation energy table [58] lists 16 compounds as having
∆ f G◦ = 0. Among these, only 5 are elements (H2, I2, N2, O2, and S) and 11 are
co-factors (CoA−1, NAD(ox)−1, FAD(ox)−2, FMN(ox)−2 and seven other redox
carriers). In most reactions which use these co-factors as substrates, the “zeros”
will cancel out since one of the products will match it with a formation energy
which is defined according to the same reference point (e.g. FAD(ox)−2 will be
matched with FAD(red)−2 whose formation energy is −38.88 kJ/mol in Albery’s
table). Nevertheless, there are a handful of reactions where this matching doesn’t
occur. In the reaction FAD(ox)−2+H2O 
 FMN(ox)−2+AMP−1+H+ (catalyzed
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Figure 3.1: The development of Gibbs energy estimation frameworks. The cov-
erage is calculated as the percent of the relevant reactions in the KEGG database
(i.e. reactions that have full chemical descriptions and are chemically balanced).
The median residual (in absolute values) is calculated using leave-one-out cross-
validation over the set of reactions that are within the scope of each method. Note
that the reason component contribution has a higher median absolute residual than
RC is only due to its higher coverage of reactions (for reactions covered by RC, the
component contribution method gives the exact same predictions).
*The residual value for Alberty’s method is not based on cross-validation since it
is a result of manual curation of multiple data sources – a process that we cannot
readily repeat.

by FAD nucleotidohydrolase, EC 3.6.1.18), there is a violation of conservation laws
for FAD and FMN (both have ∆ f G◦ = 0 in Alberty’s table). Therefore, using the
table naïvely for this reaction would yield a wrong value, namely ∆rG◦ = −880
kJ/mol. Combining formation energies derived using GC with ones from RC greatly
increases the number of reactions where different reference-points are mixed to-
gether, and mistakes such as the one described above become much more common.

One way to deal with the problem of reference-point conflicts, is to use either RC
or GC exclusively for every reaction ∆rG◦ being estimated. Specifically, RC will by
applied to all reactions that can be completely covered by it. Only if one or more
reactants are missing from the formation energy table, we would use the less pre-
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cise GC method for the entire reaction. Unfortunately, combining the frameworks
in such a way can easily lead to violations of the first law of thermodynamics. This
stems from the fact that inconsistent use of formation energies across several reac-
tions, coming from inaccuracies in the estimation method that do not cancel out, can
create situations where futile cycles will have a non-zero change in Gibbs energy.
An example for such a futile cycle is given in Figure 3.2. Applying this method
for large-scale metabolic reconstructions will most likely lead to non-physical solu-
tions.
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Figure 3.2: An example of a futile cycle where Gibbs energies are derived using RC
and GC. The combined stoichiometry of (1) threonine aldolase, (2) acetaldehyde de-
hydrogenase (acetylating), (3) glycine C-acetyltransferase, and (4) threonine:NAD
oxidoreductase creates a futile cycle where all the inputs and outputs are balanced.
Using RC we are able to derive the ∆rG◦ of reactions 1 and 2 (green), but since
2-amino-3-oxobutanoate does not appear in formation energy tables – we must use
GC for reactions 3 and 4 (magenta). The sum of all ∆rG◦ in this case is -6.0 kJ/mol
which is a violation of the first law of thermodynamics.

Reference-point conflicts and first-law violations can both be avoided, by adjusting
baseline formation energies of compounds with non-elemental reference points to
match group contribution estimates. This approach was taken in [44] and [12]. The
formation energies of FAD(ox)−2 and all other reference points in Alberty’s table
were set equal to their group contribution estimates. All formation energies that
were determined relative to each reference point were then adjusted according to
Alberty’s table to maintain the same relative formation energies. The main disad-
vantage of this approach is that the set of reference points is fixed and limited to a
few common cofactors. The coverage of reactant contributions could be increased
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by also defining less common metabolites as reference points, but listing them all in
a static table would be impractical and inefficient.

The component contribution method, which is described in detail in the follow-
ing sections of this paper, manages to combine the estimates of RC and GC while
avoiding any reference-point conflicts or first-law violations. In the component con-
tribution framework, the maximal set of reference points given a set of measured
reactions is automatically determined. We maintain the notion of prioritizing RC
over GC, but rather than applying only one method exclusively per reaction, we
split every reaction into two independent reactions. One of these sub-reactions can
be evaluated using RC, while the other cannot – and thus its ∆rG◦ is calculated using
GC. We use linear orthogonal projections in order to split each of the reactions, en-
suring that all estimated ∆rG◦ values are self-consistent. The choice of orthogonal
projections is somewhat arbitrary, and is based on the assumption that it is beneficial
to minimize the euclidean distance to the projected point that can be estimated using
RC. This framework also enables us to calculate confidence intervals for standard
reaction Gibbs energies in a mathematically sound way.

3.3. Results

3.3.1. The component contribution method

The component contribution method integrates reactant contributions and group
contributions in a single, unified framework using a layered linear regression tech-
nique. This technique enables maximum usage of the more accurate reactant contri-
butions, and fills in missing information using group contributions in a fully consis-
tent manner. The inputs to the component contribution method are the stoichiomet-
ric matrix of measured reactions, denoted S ∈ Rm×n, and a list of measurements of
their standard Gibbs energies ∆rG◦obs ∈Rn (see Table B.2 in Appendix B for a list of
mathematical symbols). In our case, all data is taken from TECRDB [55] and tables
of compound formation energies [57, 58]. As a pre-processing step which is used
to linearize the problem, we apply an inverse Legendre transform to the observed
equilibrium constants in TECRDB and the formation energies, if necessary (same
as in [116], see Section B.1). To provide context for the mathematical formulation
of the component contribution method, we precede it with general formulations of
the reactant and group contribution methods, and discuss the limitations of each.
The reactant and group contribution methods are both based on linear regression.
The difference between the two methods lies in the regression models used in each.
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Reactant contribution method

The regression model used in the reactant contribution method is based on the first
law of thermodynamics (conservation of energy). The first law dictates that the
overall standard Gibbs energy of a reaction that takes place in more than one step,
is the sum of the standard Gibbs energies of all the intermediate steps at the same
conditions [117]. Consequently, if ∆ f G◦ ∈ Rm is the vector of standard Gibbs ener-
gies of formation for compounds in S, then the standard Gibbs energies of reactions
in S are given by the equation

∆rG◦ = S> ·∆ f G◦. (3.1)

From Eq. 3.1 it is apparent that ∆rG◦ is in the range of S>, which we denote by
R
(
S>
)
. In practice, this may not be readily true for ∆rG◦obs from TECRDB, since

its values are empirically derived and thus subject to measurement noise. Also, the
exact ionic strength is not known for most measurements and the extended Debye-
Hückel theory of electrolyte solutions [118] (which the inverse Legendre transform
is based on [60]) is itself an approximation. The linear regression model used in the
reactant contribution method for ∆rG◦obs therefore takes the form

∆rG◦obs = S> ·∆ f G◦+ εrc, (3.2)

where εrc encompasses the error from the aforementioned sources.

Least-squares linear regression on the system in Eq. 3.2 gives the reactant contri-
bution estimate of the standard Gibbs energies of formation for compounds in S

∆ f G◦rc =
(

S>
)+
·∆rG◦obs. (3.3)

The Moore–Penrose pseudoinverse
(
S>
)+ is used because S> is typically column

rank deficient. Reactant contribution fitted standard Gibbs energies for reactions in
S are,

∆rG◦rc = S> ·∆ f G◦rc = S>
(

S>
)+
·∆rG◦obs (3.4)

i.e., they are the orthogonal projection of ∆rG◦obs onto R
(
S>
)
. ∆rG◦rc is therefore

the closest point to ∆rG◦obs that is consistent with the first law of thermodynamics.
The residual of the fit

erc = ∆rG◦obs−∆rG◦rc, (3.5)

gives an estimate of the error term εrc in Eq. 3.2. We stress that there is a conceptual
distinction between the residual (erc) and the statistical error (εrc). erc is dependent
on the specific sample of equilibrium constants we use in the training set, while
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εrc is a random variable that can only be approximated. We use the term error for
the deviation of an observed or estimated Gibbs energy (known values), from the
(unknown) true Gibbs energy. The term residual is used for the deviation of an
observed Gibbs energy from an estimate. We note that erc is in the null space of
S, denoted N (S), since the null space is the orthogonal complement of R

(
S>
)
,

according to the fundamental theorem of linear algebra.

The standard Gibbs energy ∆rG◦x ∈R of an unmeasured reaction with stoichiometric
vector x ∈ Rm can be estimated with the reactant contribution method as

∆rG◦rc,x = x> ·∆ f G◦rc = x>
(

S>
)+
·∆rG◦obs. (3.6)

This result is consistent with the first law of thermodynamics in the following sense.
In general, the first law implies that the standard Gibbs energy of a linear combina-
tion of reactions, is the same combination applied to the respective standard reaction
Gibbs energies. Mathematically, if x = Sw then ∆rG◦rc,x = w> ·∆rG◦obs. The former
equation gives w = S+x which is precisely the result in Eq. 3.6. Having compliance
with the first law as the only assumption explains the high accuracy of the reactant
contribution method.

The reactant contribution method can be used to evaluate standard Gibbs energies
for x in the range of S, i.e. reactions that are linear combinations of reactions in
S (and thus have at least one solution for x = Sw). Any component of x that is
not in R (S) cannot be evaluated. Since S is rank deficient, its range represents
only a fraction of the entire space of reactions and thus most reactions are under-
determined by this method. For instance, the CMP phosphohydrolase reaction
(CMP+H2O 
 cytidine+Pi) exists in the E. coli model but is not listed as a mea-
sured reaction in TECRDB. Although CMP and cytidine both appear in other mea-
sured reactions (CMP+AT P
CDP+ADP and cytidine+H2O
 uridine+NH4),
it is impossible to use a combination of reactions in TECRDB to find the ∆rG◦ of
the CMP phosphohydrolase reaction.

Group contribution method

Increased reaction coverage can be achieved using the group contribution method,
where each compound in S is decomposed into a predefined set of structural sub-
groups. Each decomposition is represented by a row of the group incidence matrix
G ∈ Rm×g, and ∆rG◦ is assumed to be a linear combination of the standard Gibbs
energy contributions ∆gG◦ of the groups in G . The linear regression model for the
group contribution method is

∆rG◦obs = S>G ·∆gG◦+ εgc. (3.7)
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S>G ∈ Rn×g describes the group decompositions of reactions in S i.e., the stoi-
chiometry of groups that are consumed or produced in the reactions. An estimate of
∆gG◦ is obtained using linear regression on the system in Eq. 3.7 i.e.,

∆gG◦gc =
(

S>G
)+
·∆rG◦obs, (3.8)

and like in reactant contribution we define ∆rG◦gc = S>G
(
S>G

)+ ·∆rG◦obs and egc =
∆rG◦obs−∆rG◦gc. The group contribution estimate of the standard reaction Gibbs
energy for x can then be derived as

∆rG◦gc,x = x>G ·∆gG◦gc = x>G
(

S>G
)+
·∆rG◦obs. (3.9)

The reaction coverage of the group contribution method is much greater than that
of the reactant contribution method in Eq. 3.6, because the column rank deficiency
of S>G is much smaller than that of S>. However, this greater coverage comes at
a price, since the assumption of group additivity underlying the model in Eq. 3.7
is not always accurate. We estimated the root-mean-square error resulting from this
assumption as 6.8 kJ/mol for all reactions in S (see Section B.4). The reaction cover-
age of group contribution methods is still limited to G >x ∈R

(
G >S

)
, i.e. reactions

with group decompositions that are linear combinations of the group decomposi-
tions of measured reactions.

Mathematical formulation of the component contribution method

The reactant contribution method covers any vector in the range of S. The compo-
nent contribution method takes advantage of the fact that any reaction vector x in
Rm can be decomposed into a component xR in the range of S, and an orthogonal
component xN in the null space of S>. Let PR(S), PN (S>) ∈R

m×m be the orthogonal

projection matrices onto the range of S and the null space of S>, respectively. Then
xR =PR(S) ·x and xN =PN (S>) ·x (so x= xR+xN and xR⊥ xN). The component con-
tribution method applies the more reliable reactant contribution method to evaluate
xR, and only applies the less reliable group contribution method to xN (see Figure
3.3). The standard reaction Gibbs energy estimate for x is obtained by summing up
the contributions from the two components (see Equations 3.6 and 3.9) i.e.,

∆rG◦cc,x = x>R ·∆ f G◦rc + x>N ·G ·∆gG◦gc

= x>
(

PR(S)

(
S>
)+

+PN (S>)G
(

S>G
)+)

·∆rG◦obs (3.10)

(see the full derivation in Section B.3). We note that using the two orthogonal
projections is only one option for separating x to two components and applying RC
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and GC on each one respectively. Other pairs of linear projections could be applied
as long as they fulfill the requirement that they sum up to the identity matrix, and
that the range of the first one is ⊆R(S). Here we chose PR(S) and PN (S>) because
they minimize the norm of the second component, and we assume there is benefit to
it.

The component xN in the null space of S> can only be evaluated if G >xN is in the
range of G >S, i.e. the space covered by group contributions. We thus require that
xN = xNR where xNR is the component of xN in R

(
G >S

)
. If xN has a nonzero com-

ponent xNN ≡ xN− xNR ∈N
(
S>G

)
then the overall reaction x cannot be evaluated

using component contributions. In practice we assign an infinite uncertainty to reac-
tions where xNN 6= 0 as discussed in Section 3.5.1. The two orthogonal components
of xN = xNR + xNN are determined by orthogonal projections onto the subspaces of
G >S, in the same way that x = xR + xN was decomposed by projections onto the
subspaces of S. Component contribution is thus based on two layers of orthogonal
decompositions; a first layer where x is decomposed into xR and xN , and a second
layer where xN is decomposed into xNR and xNN (Figure 3.3).

A common example where xNN 6= 0 occurs where xN is a reaction that includes
the formation of an uncommon group. If this group does not appear (or is always
conserved) in all of the reactions in the training set then the contribution of that
group is unknown. Since G >xN has a non-zero value corresponding to that group,
xN cannot be in the range of G >S.
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(a) (b)

Figure 3.3: A diagram illustrating how the component contribution method projects
the stoichiometric vector onto the different spaces. (A) The reaction vector x is
decomposed into the two components xR and xN , where the reactant contribution
and group contribution methods are used for the relevant components. Later, xN

is decomposed into xNR and xNN . The same projection is shown graphically in
(B) where the green plane represents the range of S and the normal to that plane
represents the null space of S>. (C) An example for a reaction which decomposes
into two non-zero components. In this case, the component xNN is equal to 0, which
means that the reaction is covered by the component contribution method.
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3.3.2. Validation results

In order to evaluate the improvement in estimations derived using component contri-
bution compared to an implementation of group contribution [116], we ran a cross-
validation analysis (see Section 3.5.2 for details). The results of this analysis are
shown in Figure 3.4, where we compare the distributions of the absolute residuals
(the difference between each method’s estimated ∆rG◦ and the observed ∆rG◦ ac-
cording to TECRDB). For each estimation, the value of ∆rG◦ for that reaction (or
any other measurement of the same reaction) was not used for training the group
contribution and component contribution methods.
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Figure 3.4: Cumulative distributions for the cross-validation results. The CDF
of the absolute-value residuals for both group contribution (||erc||, pink) and com-
ponent contribution (||ecc||, purple). The reactions were separated to ones which
are (A) linearly-dependent on the set of all other reactions (s j is in the range of
S( j), the stoichiometric matrix of all reactions except s j), and (B) to ones which are
linearly-independent (and thus component contribution uses group decompositions
for at least part of the reaction). We found an 80% reduction in the median for the
former set and no significant change for the latter (p-value = 0.45).

Our results show a significant improvement for component contribution compared
to group contribution when focusing on reactions in the range of S. The median of
all residuals (absolute value) was reduced from 4.6 to 1.0 kJ/mol (p-value < 10−36)
for this set of reactions. For reactions that were not in R(S), there was no signif-
icant difference (p-value = 0.45) in the median absolute residual between the two
methods. The error in group contribution estimates that is due to the assumption
of group additivity does not depend on the extent to which group contribution is
used (see Section B.4.2). Because component contribution uses group contribution
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to some extent for all reactions that are not in R(S), the error in component contri-
bution estimates for those reactions is not significantly lower than the error in group
contribution estimates. Note that it is still very important to use component contri-
bution for these reactions (and not GC) for the sake of having consistent estimations
across whole metabolic models (see Section 3.2.1).

In each iteration of the cross-validation, one reaction was excluded from the training
set. To further validate the component contribution method, we used the results of
each iteration to predict independent observations of the reaction that was excluded.
All available observations of that reaction were then compared against the predic-
tion intervals for its standard Gibbs energy (see Section 3.5.3). Overall, we found
that 73% of observations fell within their respective 68% prediction intervals, 89%
fell within their 90% prediction intervals, 92% fell within their 95% prediction in-
tervals, and 97% within their 99% intervals. Prediction intervals obtained with the
component contribution method were on average 36% smaller than those obtained
with group contribution. Taken together, these results show that the component
contribution method yields estimates with reliable confidence intervals, as well as
increased accuracy and reduced uncertainty compared to group contribution.

3.3.3. Application to genome-scale metabolic reconstructions

A major application of the component contribution method is estimation of stan-
dard Gibbs energies for reactions in genome-scale reconstructions. Such large re-
action networks require consistent and reliable estimates with high coverage. If
estimates are not consistent, the risk of reference point violations increases with
network size. As discussed in Section 3.5.4, metabolic models generally require
estimates of standard transformed Gibbs energies, ∆rG′◦est , at in vivo conditions. To
meet this requirement, we have integrated the component contribution method into
a new version (2.0) of von Bertalanffy [119] (see Section 3.5.5).

Here, we apply von Bertalanffy 2.0 to two reconstruction; the E. coli reconstruction
iAF1260 [70] and the human reconstruction Recon 1 [25]. Standard transformed
reaction Gibbs energies had previously been estimated for both reconstructions,
with older versions of von Bertalanffy [44, 12]. Those older versions relied on a
combination of experimentally derived standard formation energies from [58], and
estimated standard formation energies obtained with the group contribution method
presented in [67]. We compare estimates obtained with the new version of von
Bertalanffy, to both experimental data in TECRDB, and estimates obtained with the
older versions.

∆rG′◦est were obtained for 90% (1878/2078) of internal reactions in iAF1260, and
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72% (2416/3362) of internal reactions in Recon 1. External reactions i.e., exchange,
demand and sink reactions are not mass or charge balanced and therefore have no
defined Gibbs energies. To validate our estimates we compared them to available
experimental data. Measurements of apparent equilibrium constants (K′) were avail-
able in TECRDB for 163 of the evaluated iAF1260 reactions, and 186 Recon 1 reac-
tions. Multiple measurements, made at different experimental conditions, were of-
ten available for a single reaction. To enable comparison, the data in TECRDB was
first normalized to standard conditions by applying an inverse Legendre transform
as described in Section B.1. The resulting standard reaction Gibbs energies (∆rG◦obs)
were then adjusted to the conditions in Tables 3.1 and 3.2 with von Bertalanffy, to
obtain standard transformed reaction Gibbs energies, ∆rG′◦obs. Comparison of ∆rG′◦est
to ∆rG′◦obs gave a root mean square error (RMSE) of 2.7 kJ/mol for iAF1260, and
3.1 kJ/mol for Recon 1.

Table 3.1: pH and electrical potential in each compartment of the E. coli recon-
struction iAF1260. Electrical potential in each compartment is relative to electrical
potential in the cytosol. Temperature was set to 310.15 K (37◦C), and ionic strength
was assumed to be 0.25 M [39] in all compartments. Taken from [44].

Compartment pH Electrical potential (mV)
Cytosol 7.70 0
Periplasm 7.70 90
Extracellular fluid 7.70 90

Table 3.2: pH and electrical potential in each compartment of the human recon-
struction Recon 1. Electrical potential in each compartment is relative to electrical
potential in the cytosol. Temperature was set to 310.15 K (37◦C), and ionic strength
was assumed to be 0.15 M [39] in all compartments. Taken from [12].

Compartment pH Electrical potential (mV)
Cytosol 7.20 0
Extracellular fluid 7.40 30
Golgi apparatus 6.35 0
Lysosomes 5.50 19
Mitochondria 8.00 -155
Nucleus 7.20 0
Endoplasmic reticulum 7.20 0
Peroxisomes 7.00 12

von Bertalanffy 2.0 relies on component contribution estimated standard reaction
Gibbs energies, whereas older versions relied on a combination of experimental data
and group contribution estimates. Table 3.3 compares standard transformed Gibbs
energy estimates, for iAF1260 and Recon 1, between versions. Use of component
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contribution resulted in both higher coverage and lower RMSE than was achieved
with the previously available data. The greater coverage was due to reactions where
groups or compounds that were not covered by component contributions canceled
out, because they appeared unchanged on both sides of the reactions. Such reactions
are easily identified and evaluated within the component contribution framework.

Table 3.3: Comparison of standard transformed reaction Gibbs energy estimates
based on component contributions, to estimates based on previously available data.
Previous estimates were taken from Fleming et al.[44] for iAF1260 and from Har-
aldsdóttir et al.[12] for Recon 1.

iAF1260 Recon 1
Previous Current study Previous Current study

Coverage 85% 90% 63% 72%
RMSE (kJ/mol) 9.9 2.7 11.6 3.1
Mean sr (kJ/mol) 20.3 2.3 3.4 2.2

Another improvement achieved with the component contribution method was the
lower standard error, sr, of standard reaction Gibbs energy estimates compared with
previously available methods (Table 3.3). This is an important improvement as stan-
dard error has previously been shown to affect predictions made based on reaction
Gibbs energy estimates [50, 44, 12]. The reduction in sr was obtained by accounting
for covariances in parameter estimates (see Section 3.5.1). As we showed in Section
3.3.2, the lower standard errors of component contribution estimates yielded reliable
prediction intervals for observed standard reaction Gibbs energies. They can there-
fore be expected to also yield reliable confidence intervals for true standard reaction
Gibbs energies.

The lower RMSE achieved with component contribution stems primarily from two
factors. The first is the normalization of the training data by the inverse Legen-
dre transform, which in [116] was shown to lead to significant improvements in
group contribution estimates of Gibbs energies. The second factor is the greater
number of reactions that are fully evaluated with reactant contribution (Eq. 3.6).
Close to 10% of all evaluated reactions in both iAF1260 and Recon 1, were fully
evaluated using only reactant contribution (Figure 3.5). Although this category rep-
resents a minority of all reactions, it includes the majority of reactions in central
carbon metabolism. The greater accuracy in Gibbs energy estimates for reactions
in central carbon metabolism is expected to have a disproportionally large effect, as
these reactions are involved in most metabolic activities. To support this claim, we
predicted 312 flux distributions for iAF1260 and 97 flux distributions for Recon 1
(see Section B.6 for details). We found that the tenth of reactions that were fully
evaluated with reactant contributions carried approximately half of the total flux in
iAF1260 and a third of the total flux in Recon 1 (Figure 3.5).
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Figure 3.5: Distribution of the fractions of reaction vectors (black) in iAF1260 (E.
coli) and Recon 1 (human), that were in the range of S, and were thus evaluated
with reactant contribution (RC). For a reaction x, this fraction was calculated as
‖xR‖2/‖x‖2. Passive and facilitated diffusion reactions, where the reactants un-
dergo no chemical changes, are not included in the figure. 9.4% of all evaluated
reactions in iAF1260 were fully evaluated using only reactant contributions. These
reactions carried approximately half of the total flux (red) in 312 predicted flux dis-
tributions. The 8.3% of evaluated reactions in Recon 1 that were fully evaluated
with reactant contributions, carried close to a third of the total flux in 97 predicted
flux distributions.

3.4. Discussion

The component contribution method presented in this paper merges two established
methods for calculating standard Gibbs energies of reactions while maintaining each
of their advantages; accuracy in the case of reactant contribution (RC) and the wide
coverage of group contribution (GC). By representing every reaction as a sum of
two complementary component reactions, one in the subspace that is completely
covered by RC and the other in the complementary space, we maximize the usage
of information that can be obtained with the more accurate RC method. Overall,
we find that there is a 50% reduction in the median absolute residual compared
to standard GC methods, while providing the same wide coverage and ensuring
that there are no reference-point inconsistencies that otherwise lead to large errors.
Furthermore, since our method is based on least-squares linear regression, we use
standard practices for calculating confidence intervals for standard Gibbs energies
(see Section 3.5.1), and for weighing the measured standard Gibbs energies used as
training data (see Section B.1.2).

Since the empirical data used in our method is measured in various conditions (tem-
perature, pH, ionic strength, metal ion concentrations, etc.) – it is important to
“standardize” the input data before applying any linear regression model [116]. In
this work, we used an inverse Legendre transform to normalize the pH and ionic
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strength, but ignore the temperature effect and the metal ion concentrations (see
Section B.1.1). In addition, the proton dissociation constants were obtained from a
third party software estimator (by ChemAxon, see Section 3.5.4) and have a mean
absolute error of about 0.9 pH units [120]. Notably, a commendable effort for cre-
ating a database of thermodynamic quantities [121] has been published recently,
where the data was standardized using more reliable parameters and considering
more effects. This database currently only covers reactions from glycolysis, the
tricarboxylic acid cycle, and the pentose phosphate pathway. Therefore, we chose
to use the more extensive TECRDB database and perform the inverse Legendre
transform ourselves, effectively increasing the coverage while compromising on the
accuracy of the data. Since the changes brought forward in the component contri-
bution method are independent of the source of input data, we believe that it will
benefit from any future improvements in these databases.

The precision of the component contribution method is limited by the accuracy of
the measured reaction equilibrium constants used in the regression model. In cases
of isolated reactions, where the empirical data cannot be corroborated by overlap-
ping measurements, large errors will be directly propagated to our estimate of those
reactions’ standard Gibbs energies. As the number of measurements underlying
an estimate is reflected in its standard error, however, confidence intervals for such
reactions will be large. It is therefore recommended to use confidence intervals,
and not point estimates, for simulations and predictions based on standard Gibbs
energy estimates. In the future, it might be worthwhile to integrate several promis-
ing computational prediction approaches [122] which are not based on RC and GC,
such as molecular mechanics methods [123], density functional methods [124], and
post Hartree-Fock approaches [125, 126]. Although the computational cost of these
methods can be substantial depending on the theoretical method and the solvation
models [127] used, they have the advantage of being based on computable chemical
and physical principles, implying that a 100% coverage of all biochemical reactions
is achievable (though not yet practical). Currently, the accuracy of these methods
for reactions in solution is limited. Nevertheless, they might already be useful for
estimating ∆rG◦ of reactions that are not covered by component contributions, or for
validating the sparse measurements. Alternatively, a method that infers ∆rG◦ from
reaction similarities named IGERS[128] manages to be much more accurate than
GC when predicting the standard Gibbs energy of reactions which are very similar
to a reaction with a measured ∆rG◦. Adding IGERS as another layer between RC
and GC using the ideas presented in this paper might contribute to the overall ac-
curacy of our estimations. Finally, the laws of additivity suggested by [61] include
single atom (zero-order) and single bond (first-order) contributions, which would
be too crude to use for approximating Gibbs energies directly, but might be useful
as two extra layers in a method like component contribution and help cover a wider
fraction of the reaction space.
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The use of thermodynamic parameters in modeling living systems has been hindered
by the fact that it is mostly inaccessible or requires a high level of expertise to use
correctly, especially in genome-scale models. In order to alleviate this limitation,
we created a framework that facilitates the integration of standard reaction Gibbs
energies into existing models and also embedded our code into the openCOBRA
toolbox. The entire framework (including the source code and training data) is
freely available. We envisage a collaborative community effort that will result in
a simple and streamlined process where these important thermodynamic data are
widely used and where future improvements in estimation methods will seamlessly
propagate to modelers.

3.5. Methods

3.5.1. Calculation of con�dence intervals

The component contribution estimated standard Gibbs energy ∆rG◦cc,x in Eq. 3.10,
is a point estimate of the true standard Gibbs energy ∆rG◦x for reaction vector x. To
quantify the uncertainty in this estimate, we need to calculate confidence intervals
for ∆rG◦x . An important advantage of integrating the reactant and group contribution
methods in a single, unified framework is that it greatly simplifies calculation of
confidence intervals. We present the key equations in this section. A summary of
the statistical theory underlying these equations [129] is given in Section B.7.

The covariance matrix Vrc for the reactant contribution estimates (∆ f G◦rc in Eq. 3.3)
is calculated as

Vrc = s2
rc ·
(

SS>
)+

=
||erc||2

n− rank(S)
·
(

SS>
)+

, (3.11)

where the matrix (SS>)+ is scaled by the estimated variance s2
rc of the error term εrc

in Eq. 3.2. Our estimate of the variance was s2
rc = 17.8 (kJ/mol)2. The covariance

matrix Vgc for the group contribution estimates (∆gG◦gc) is likewise obtained as

Vgc = s2
gc ·
(
G >SS>G

)+
=

||egc||2

n− rank(S>G )
·
(
G >SS>G

)+
, (3.12)

where the estimated variance of εgc from Eq. 3.7 was s2
gc = 62.0 (kJ/mol)2.
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For a reaction x, the standard error of ∆rG◦cc,x is given by

s2
cc,x = x>R ·Vrc · xR + x>N ·GVgcG

> · xN

= x> · (PR(S)VrcPR(S)+PN (S>)GVgcG
>PN (S>)) · x. (3.13)

The confidence interval for ∆rG◦x , at a specified confidence level γ ∈ [0%,100%], is
given by

∆rG◦cc,x± zγscc,x, (3.14)

where zγ is the value of the standard normal distribution at a cumulative probability
of (100%+ γ)/2. The 95% confidence interval for ∆rG◦x is therefore ∆rG◦cc,x ±
1.96× scc,x.

In calculating scc,x, we employ the covariance matrices for estimated parameters
∆ f G◦rc and ∆gG◦gc. In contrast, Jankowski et al. used only the diagonal of the co-
variance matrix for ∆gG◦gc in their implementation of the group contribution method
[67]. The main advantage of using covariance matrices is that it leads to more ap-
propriate confidence intervals for ∆rG◦x , that can be much smaller. Knowledge about
the relative Gibbs energy of two groups or compounds, increases with the number of
measurements for reactions where those groups or compounds occur together. This
knowledge should be reflected in smaller confidence intervals for reactions where
the groups or compounds co-occur. Covariance matrices provide a means for prop-
agating this knowledge. If only the diagonal of the covariance matrix is used, this
knowledge is lost and confidence intervals will often be unnecessarily large.

The covariance matrices can likewise be used to propagate lack of knowledge to
scc,x. If G >x is not in R

(
G >S

)
then the reaction x is not covered by the group con-

tribution method or by the component contribution method. Then ∆rG◦cc,x obtained
with Eq. 3.10 will not be a valid estimate of ∆rG◦x , and should have a large (infinite)
standard error. This can be achieved by adding a term to Eq. 3.13;

s2
cc,x = x> · (PR(S)VrcPR(S) +

PN (S>)GVgcG
>PN (S>) +

GV∞G >) · x (3.15)

where V∞ = PN (S>G ) ·∞, and PN (S>G ) ∈ Rg×g is a projection matrix onto the null-

space of S>G . Eq. 3.15 will give scc,x = ∞ for all reactions that cannot be evaluated
with component contributions because x>G has a nonzero component in the null-
space of S>G . In practice, we use a very large value instead of ∞ (e.g. 1010 kJ/mol)
which will dominate any reasonable Gibbs energy in case x>G is not orthogonal to
this null-space.
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3.5.2. Leave-one-out cross validation

Both group contribution and component contribution are parametric methods that
use a set of training data in order to evaluate a long list of parameters. In order
to validate these models, we need to use more empirical data which has not been
used in the training phase. Since data regarding reaction Gibbs energies is scarce,
we apply the leave-one-out method in order to maximize the amount of data left
for training in each cross-validation iteration. As a measure for the quality of the
standard Gibbs energy estimations from each method we use the median absolute
residual of the cross-validation results compared to the observations.

Our entire training set consists of 4146 distinct reaction measurements. However,
since many of them are experimental replicates – measurements of the same chem-
ical reaction in different conditions or by different researchers – we can only use
each distinct reaction once. We thus take the median ∆rG◦obs over all replicates (af-
ter applying the inverse Legendre transform) as the value to be used for training or
cross-validation. We choose the median rather than the mean to avoid sensitivity to
outliers. After this process of unifying observations, we are left with 694 unique
reaction observations. Note that the repetitions do play a role in determining the
standard error in standard Gibbs energy estimates (see Section 3.5.1). Finally, the
vector of ∆rG◦obs values for the unique reactions is projected onto the range of S>

since we assume that the actual values comply with the first law of thermodynamics
(see Section 3.3.1) and that any deviation is caused by experimental error.

3.5.3. Calculation of prediction intervals

The γ prediction interval for a reaction x, with estimated standard Gibbs energy
∆rG◦cc,x, is calculated as

∆rG◦cc,x± zγ

√
s2

cc + s2
cc,x, (3.16)

where zγ was defined in Eq. 3.14, and s2
cc,x, the standard error of ∆rG◦cc,x, was defined

in Eq. 3.15. s2
cc is calculated as

s2
cc =

‖xR‖2

‖x‖2 · s
2
rc +
‖xN‖2

‖x‖2 · s
2
gc (3.17)

i.e., it is a weighted mean of the estimated variances for reactant and group con-
tribution, where the weights are the fractions of x that are in R (S) and N (S), re-
spectively. A summary of the statistical theory underlying calculation of prediction
intervals [129] is given in Section B.7.
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3.5.4. Adjustment to in vivo conditions

For an input reaction x, the component contribution method outputs an estimate of
the reaction’s standard chemical Gibbs energy ∆rG◦x . In a chemical reaction each
compound is represented in a specific protonation state. This is in contrast to bio-
chemical reactions, where each compound is represented as a pseudoisomer group
of one or more species in different protonation states. To thermodynamically con-
strain models of living organisms we require Gibbs energies of biochemical reac-
tions at in vivo conditions, known as standard transformed reaction Gibbs energies
∆rG′◦.

We estimated ∆rG′◦ with version 2.0 of von Bertalanffy [44, 119, 12]; a Matlab
implementation of biochemical thermodynamics theory as presented in [39]. A
comprehensive summary of the relevant theory is given in [12]. In addition to com-
ponent contribution estimates of standard Gibbs energies, required inputs to von
Bertalanffy are a stoichiometric matrix Srecon for a metabolic reconstruction of an
organism, pKa values for compounds in Srecon, and literature data on temperature,
pH, ionic strength (I) and electrical potential (φ ) in each cell compartment in the
reconstruction.

We estimated ∆rG′◦ for reactions in two multi-compartmental, genome scale metabolic
reconstructions; an E. coli reconstruction iAF1260 [70], and a human reconstruc-
tion Recon 1 [25]. The environmental parameters pH, I and φ were taken from
[44] for E. coli (Table 3.1), and from [12] for human (Table 3.2). pKa values
were estimated with Calculator Plugins, Marvin 5.10.1, 2012, ChemAxon (http:
//www.chemaxon.com).

3.5.5. Implementation and availability of code

The component contribution method has been implemented in both Matlab and
Python. The Matlab implementation is tailored towards application to genome-
scale metabolic reconstructions. It is fully compatible with the COBRA toolbox [4]
and is freely available as part of the openCOBRA project on Sourceforge (http://
sourceforge.net/projects/opencobra/). The component contribution method
has been integrated into version 2.0 of von Bertalanffy to provide an easy-to-use
tool to estimate transformed Gibbs energies at in vivo conditions. The Python im-
plementation is a stand-alone package that can be used by researchers with suit-
able programming skills. The Python package includes a simple front-end called
eQuilibrator (http://equilibrator.weizmann.ac.il/), which is a freely avail-
able online service. The Python code for component contribution is licensed under
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the open source MIT License and available on GitHub (https://github.com/
eladnoor/component-contribution). Our code depends on the open source
chemistry toolbox called Open Babel[130].
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The text of this section, in full, is a reprint of the material in Haraldsdóttir HS,
Thiele I, Fleming RMT (2013) Comparative evaluation of open source software
for mapping between metabolite identifiers in metabolic network reconstructions:
application to Recon 2. Journal of Cheminformatics, in press. I was the primary
author of this publication. The co-authors participated in and directed the research
that formed the basis for this section.
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4. Comparative evaluation of open source
software for mapping between
metabolite identi�ers in metabolic
network reconstructions: application to
Recon 2

4.1. Abstract

An important step in the reconstruction of a metabolic network is annotation of
metabolites. Metabolites are generally annotated with various database or struc-
ture based identifiers. Metabolite annotations in metabolic reconstructions may be
incorrect or incomplete and thus need to be updated prior to their use. Genome-
scale metabolic reconstructions generally include hundreds of metabolites. Man-
ually updating annotations is therefore highly laborious. This prompted us to look
for open-source software applications that could facilitate automatic updating of an-
notations by mapping between available metabolite identifiers. We identified three
applications developed for the metabolomics and chemical informatics communities
as potential solutions. The applications were MetMask, the Chemical Translation
System, and UniChem. The first implements a “metabolite masking” strategy for
mapping between identifiers whereas the latter two implement different versions
of an InChI based strategy. Here we evaluated the suitability of these applications
for the task of mapping between metabolite identifiers in genome-scale metabolic
reconstructions. We applied the best suited application to updating identifiers in
Recon 2, the latest reconstruction of human metabolism.

All three applications enabled partially automatic updating of metabolite identi-
fiers, but significant manual effort was still required to fully update identifiers. We
were able to reduce this manual effort by searching for new identifiers using mul-
tiple types of information about metabolites. When multiple types of information
were combined, the Chemical Translation System enabled us to update over 3,500
metabolite identifiers in Recon 2. All but approximately 200 identifiers were up-
dated automatically.

We found that an InChI based application such as the Chemical Translation System
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was better suited to the task of mapping between metabolite identifiers in genome-
scale metabolic reconstructions. We identified several features, however, that could
be added to such an application in order to tailor it to this task.

4.2. Introduction

Metabolic network reconstructions are knowledge bases of key components in the
metabolic reaction network of a particular organism or cell type [2, 15]. Recon-
structions vary in size from small-scale reconstructions where only a few pathways
of interest are included, to genome-scale reconstructions where the aim is to in-
clude all known components in a network. The components of a metabolic network
reconstruction are the metabolic reactions in the network, the metabolites that par-
ticipate in those reactions, the enzymes that catalyze the reactions, and the genes
that encode those enzymes. Individual components are linked with mathematical
structures that enable computational analysis of the network as an integrated sys-
tem. Computational analysis of genome-scale metabolic reconstructions has, for
example, been used for biochemical [5, 6], biomedical [7, 8, 9], and bioengineering
[10, 11] purposes.

An important step in the reconstruction of a metabolic network is the annotation
of reconstruction components [15]. The identities and functions of components in-
cluded in metabolic network reconstructions are generally known. Annotation here
refers to the process of attaching various metadata for components to a reconstruc-
tion. These annotations serve to unambiguously identify components and enable
efficient mapping of data to the reconstruction for analysis. Components are gen-
erally annotated with an appropriate type of identifier, e.g., an Entrez gene ID for
genes and an Enzyme Classification (EC) number for enzymes. Metabolites are
usually annotated with several types of identifiers. A comprehensive protocol for
genome-scale metabolic reconstruction [15] recommended annotating metabolites
with a primary identifier in at least one of the following three databases: ChEBI [74],
KEGG Compound [72, 73], or PubChem Compound [75]. The protocol also recom-
mended annotating metabolites with structure-based identifiers, such as the IUPAC
International Chemical Identifier (InChI) and the Simplified Molecular-Input Line-
Entry System (SMILES). We add that further annotation with primary identifiers
in databases that are specific to the reconstructed organism is also advisable, e.g.,
the Human Metabolome Database (HMDB) [131, 132] for human metabolic recon-
structions.

Database identifiers have the advantage of providing direct links to data that are
stored in each database. Data types that can be mapped to the reconstruction via
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metabolite identifiers include physicochemical data, metabolomics data, metabolic
pathways and metabolite structures. Different types of data are available in each
database. Whereas KEGG has more data on metabolic genes, enzymes and reac-
tions, HMDB provides more information on metabolites. Since not all chemical
databases provide cross-references to all other databases, it is usually not enough to
annotate metabolites with only one type of identifier. Instead they should be anno-
tated with identifiers in as many relevant databases as possible. Multiple annotations
also aid in identification since any one database may not contain all metabolites in
a given reconstruction.

Advantages of structure-based identifiers are that they are unambiguous and database
independent. InChIs and SMILES strings can also be converted to metabolite struc-
tures that can be used directly for various computational analyses [133, 134, 135,
13]. Although SMILES strings have a simpler syntax and are more human readable,
InChIs are preferable in many ways [136]. Firstly, they have a layered structure that
makes them highly flexible and easy to manipulate. Secondly, they can account for
tautomerism. Multiple tautomers of the same compound can be represented with
the same standardized or "standard" InChI. Alternatively, a specific tautomer can be
represented with a nonstandard InChI. A third advantage of InChIs is that the InChI
algorithm in non-propriatory and is implemented in open source software. Version
1 of the InChI is currently in use.

A disadvantage of the InChI is that its length increases with molecular size and level
of structural detail. Also, it includes non-alphabetical characters such as /, \, - and
+. These features make the InChI inconvenient for internet and database searches
[136]. A hashed version, the InChIKey, was therefore created [136]. The InChIKey
has a fixed length of 27 characters, and only includes uppercase English letters and
dashes. These features also make it a good choice as a database independent iden-
tifier for metabolites in metabolic reconstructions. Most chemical databases now
include an InChIKey (as well as an InChI and SMILES string) in each database en-
try. The hashing algorithm that generates InChIKeys from InChIs is not reversible
[136], meaning that there is no algorithm that can convert an InChIKey back to an
InChI. InChIKeys are therefore not directly convertible to metabolite structure. To
retrieve an InChI from an InChIKey it is necessary to use a lookup table or a chemi-
cal structure resolver such as the Chemical Identifier Resolver [137] or ChemSpider
[138].

Genome-scale reconstructions usually include hundreds of metabolites. The latest
human reconstruction, Recon 2, includes over 2500 metabolites [22]. Manual an-
notation of such a large number of metabolites, with multiple identifiers each, is
extremely laborious. Metabolites in early reconstructions were generally annotated
manually. Today, reconstruction tools such as the Model SEED [139], rBioNet
[140] and the SuBliMinaL Toolbox [141] facilitate the process by populating new
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reconstructions with pre-annotated components from source databases. Metabolites
in the source databases, however, may have incomplete or incorrect annotations,
which will then be propagated to all new reconstructions. Metabolites in existing
reconstructions may likewise have incomplete or incorrect annotations. Metabolite
annotations in metabolic reconstructions may therefore need to be updated prior to
their use. Software applications that enable automatic updating of annotations are
desirable.

The SuBliMinaL Toolbox comes with an annotation module that can be used to
retrieve ChEBI identifiers for metabolites by searching the ChEBI database with
metabolite names. A recently published annotation tool called Metingear [142]
also features a name search for database identifiers, but against multiple databases.
In our experience, metabolite names are poor identifiers. Most metabolites have
several synonyms and databases differ in the use of those synonyms. Searching a
database with a metabolite name may therefore yield no results if the metabolite
is registered under a different synonym. The same name is also often associated
with multiple stereoisomers of the same compound, across different databases and
within the same database. The name dextrose, for example, is associated with four
entries in PubChem Compound: D-glucose (PubChem Compound ID (CID) 5793),
α-D-glucose (PubChem CID 79025), β -D-glucose (PubChem CID 64689) and a
generic hexopyranose (PubChem CID 206). As the last entry (PubChem CID 206)
demonstrates, names are also sometimes associated with the incorrect structures.
Numerous other examples of incorrect associations between names and structures
are given in [143]. A name search can therefore yield a list of several candidate
identifiers that must be sorted through manually to find the one that best matches the
target compound. It is therefore not conducive to automatic updating of identifiers.

A name search is the best option available for updating identifiers for metabolites
that are only annotated with a name. However, most metabolites in source databases
for metabolic reconstruction tools are annotated with at least one identifier besides
name. The same goes for metabolites in existing metabolic reconstructions, es-
pecially those that were built according to the aforementioned protocol [15]. The
non-name identifiers are generally more specific than names as they refer to spe-
cific structures or database entries. Software applications that enable mapping be-
tween non-name identifiers could therefore facilitate automatic updating of metabo-
lite identifiers in metabolic network reconstructions.

The problem of annotating large sets of metabolites is well known in metabolomics
and chemical informatics. Applications that can be used to partially automate anno-
tation have been developed for these fields. We searched among these for applica-
tions that were suitable for mapping between metabolite identifiers in metabolic re-
constructions. We only considered open-source applications as these can readily be
adapted to the needs of the metabolic reconstruction community and integrated into
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metabolic reconstruction tools. Three applications that met these criteria were Met-
Mask [76], the Chemical Translation System (CTS) [77] and UniChem [78]. These
applications implement annotation strategies that go beyond name search. They
enable mapping between multiple types of identifiers, including chemical names.
Different annotation strategies are implemented in each of the three applications.
Here, we compare these applications, to determine which annotation strategy is best
suited for annotation of metabolites in genome scale metabolic reconstructions. We
then apply the top application to update annotations of metabolites in the latest hu-
man reconstruction Recon 2 [22].

4.2.1. Applications

MetMask

MetMask [76] is a desktop application for creating and querying custom local databases
of identifier groups or "metabolite masks". Identifier groups from multiple sources,
such as public databases and private chemical libraries, can be imported into the
same MetMask database. We imported identifier groups from Recon 2, HMDB
and ChEBI. MetMask merges groups that are deemed compatible by the appli-
cations heuristics. A MetMask database can be queried with an identifier of one
type (e.g., synonym) to find other identifiers of either the same or a different type
(e.g., InChIKey) that belong to the same mask. Metmask is available from http:

//metmask.sourceforge.net/.

The Chemical Translation System

CTS [77] is a web application for mapping between chemical identifiers. It covers
215 types of identifiers, including chemical names, structure-based identifiers, and
database identifiers. Queries are sent to a single database where data from multiple
external databases has been aggregated. Identifiers are matched based on "standard"
InChIKeys, which are generated from "standard" InChIs, i.e., InChIs produced with
standard options settings. Standard InChIs and InChIKeys are not tautomer specific.
CTS finds all standard InChIKeys that are linked to an input identifier and returns
all identifiers of the requested output type(s) that are linked to the same standard
InChIKeys. Web services and a web user interface for CTS are available at http:
//cts.fiehnlab.ucdavis.edu.
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UniChem

UniChem [78] is a web application that was designed for automatic generation of
cross-references between different databases, but can also be used to map between
chemical identifiers. It is similar to CTS in that identifiers are matched based on
standard InChIs and InChIKeys. Queries to UniChem are also sent to a single
database where data from multiple external databases has been aggregated.

There are two major differences between UniChem and CTS that are relevant to
metabolite annotation. The first is that UniChem covers a much lower number of
identifier types. At the time of writing, it covered identifiers in 18 public databases
in addition to standard InChIs and InChIKeys. Covered databases included KEGG
Compound, ChEBI and HMDB, but not PubChem Compound. Chemical names
were not covered. The second major difference between UniChem and CTS is that
data from external databases must pass various quality checks before they are im-
ported into the UniChem database. External database entries are generally required
to include at least a database identifier and a standard InChI to be included in the
UniChem database. The quality checks performed by UniChem include checking
whether a standard InChI in an entry can be converted to a standard InChIKey. If the
entry also includes a standard InChIKey, it is checked against the standard InChIKey
generated from the standard InChI. Entries that fail these checks are excluded from
the UniChem database as either the standard InChI, standard InChIKey, or both can
then be assumed to be invalid. In addition to these quality checks, UniChem keeps
track of which database identifiers are currently associated with a given InChI and
which identifiers were associated with that InChI in the past. It does not output
obsolete associations unless it is requested by the user.

These differences between UniChem and CTS stem from the fact that they were de-
signed for different purposes. CTS was designed for metabolite annotation and em-
phasizes coverage, whereas UniChem was designed for automatic database cross-
referencing and emphasizes specificity. We include UniChem here to assess the
value of UniChem-like quality checks in metabolite annotation. Web services and a
web user interface for UniChem are available at http://cts.fiehnlab.ucdavis.
edu.
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4.3. Results

4.3.1. Identi�er mapping tests

The tests described in Methods (Section 4.6) revealed a number of differences be-
tween the three mapping applications. The overall performance of each application
is quantified in Table 4.1. Performance on individual mapping tests is given in Ta-
ble C.1 in Appendix C. UniChem performed best on tests involving identifier types
that it covered. UniChem generally only returned the preferred output identifier,
for each input identifier that was associated with at least one output identifier in
the UniChem database. Many input identifiers, however, were not associated with
any output identifier. This was also the case for CTS, which indicates that it is a
characteristic of InChI based mapping strategies. The fact that no output identifier
of a particular type is returned for a given input identifier does not necessarily mean
that the input identifier is not in the database. It only means that no identifier of
the requested output type is associated with the exact same standard InChI. A single
compound can have more than one valid structure, each represented with a distinct
standard InChI. The distinct, equally valid structures are usually stereoisomers. If
two databases associate different stereoisomers with their respective entries for the
same compound, the two entries cannot be linked through InChIs. The KEGG Com-
pound and HMDB entries for lactose are good examples of this (see Figure 4.1).
Because the lactose stereoisomers in the two entries have different InChIs, neither
UniChem nor CTS can map between them.

On average, a slightly higher number of input identifiers were associated with at
least one output identifier with CTS than with UniChem. CTS, however, also re-
turned a higher number of non-preferred identifiers, and thus received a lower over-
all score (Table 4.1). These differences between CTS and UniChem are attributable
to two factors; the greater number of identifier types covered by CTS, and the checks
implemented by UniChem to prevent errors in their database (see Section 4.2.1).
The fact that CTS covers chemical names as an identifier type has a particularly
large effect. Chemical names are ambiguous identifiers and the same name can be
associated with a number of different structures [143]. Using names as input identi-
fiers will therefore often result in a long list of candidate output identifiers (see Table
C.1). Referring to the previous example, the name lactose is associated with differ-
ent structures in KEGG Compound and HMDB. Inputting the name lactose into
CTS will return all identifiers that are associated with either structure. The number
of incorrect output identifiers returned for names is also generally higher than for
other input types, because names are more frequently associated with an incorrect
structure [143]. When chemical name is included as an input identifier type (Figure
4.2a), the number of incorrect identifiers returned by CTS is much greater. When
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(a) Lactose from KEGG (b) Lactose from HMDB

Figure 4.1: Two epimers of lactose occur in nature, α-lactose and β -lactose. The
epimers differ by the configuration of structural groups around a single stereogenic
carbon atom (top right). (a) In KEGG Compound the synonyms lactose and milk
sugar are assigned to a generic stereoisomer, where the configuration around this
stereogenic carbon is not specified (C00243). Reactions, enzymes and pathways
involving lactose are linked to this entry in KEGG. (b) The same synonyms and most
lactose-related data are linked to the α-epimer in HMDB (HMDB00186). There is
neither an entry for the generic stereoisomer in HMDB, nor an entry for the α-
epimer in KEGG Compound.

only identifiers that are covered by UniChem are considered (Figure 4.2b), CTS re-
sults are more similar to those of UniChem. The remaining difference between the
two applications is presumably due to the quality checks implemented by UniChem.

Table 4.1: Quantified overall performance of the three mapping applications.
Scores were calculated as described in Section 4.6.2. Means were taken over all
input-output pairs that were covered by each application. The means reflect well
general characteristics of each application observed in individual tests (see Table
C.1).

Mean counts
In Hits Out Matches Mean score

MetMask 99 98 146 93 0.63
CTS 99 80 105 75 0.57
UniChem 99 74 77 72 0.70

MetMask returned the greatest number of preferred identifiers on average, but it
also returned the greatest number of non-preferred identifiers. It received a score
in between those of UniChem and CTS (Table 4.1). MetMask returned the greatest
number of output identifiers on individual mapping tests but when all tests were
combined, MetMask returned fewer unique identifiers than CTS (Figure 4.2). The
reason for this is that MetMask generally returns the same set of output identifiers,
when it is queried with different input identifiers for the same compound. MetMask

78



will, for example, return the same set of ChEBI ID whether it is queried with the
KEGG Compound ID (CID) for lactose or the HMDB ID. The ChEBI ID for both
lactose stereoisomers in Figure 4.1 will be returned for either query. This is a con-
sequence of the way metabolite masks are defined. All identifiers for lactose belong
to the same mask. Querying MetMask with any identifier in a particular mask will
always yield all identifiers of the requested output type that are in the same mask.
Queries with different types of identifiers for the same compounds are therefore not
independent. This also explains why the difference between the total number of
unique identifiers returned by MetMask, when all tests are included (Figure 4.2a)
and when only UniChem-compatiple tests are included (Figure 4.2b), is so much
smaller than for CTS.

Taken together, these results demonstrate that regardless of the choice of mapping
application, some manual effort is required for proper annotation of metabolites
with database identifiers. With MetMask this effort is mainly directed at sorting
through candidate output identifiers to locate the preferred ones. With UniChem
it is directed at searching for missing identifiers. Some effort is required for both
sorting and gap filling with CTS, although less for each than with the other two
applications. In the next section we seek ways to minimize this manual effort.
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Figure 4.2: Annotations of unique identifiers returned by each application, (a) when
all mapping tests are included, and (b) when only tests involving identifier types
covered by UniChem are included. The output identifiers returned in all included
tests were pooled and duplicates removed. If the same identifier was returned in
more than one test it was only counted once. The annotations are explained in
Section 4.6.2.

4.3.2. Optimization of performance

In each individual mapping test described in the previous section, a single identifier
was used as input for each compound. Metabolites in metabolic reconstructions,
however, are often annotated with more than one identifier, e.g., a name and an
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HMDB ID. Using all available identifiers to map to missing ones should be more
powerful than using only one at a time. If one identifier for a given compound does
not map to any identifier of the requested output type, a different identifier for the
same compound may be used to fill that gap. If multiple identifiers of different
types map to the same output identifier, our confidence in that output identifier is
increased. Such additive mapping of identifiers is only useful, however, if the differ-
ent input identifiers do not all yield the same outputs, i.e., if queries with different
input identifiers are independent. As discussed in the previous section, this is not
the case for MetMask. We therefore only tested this method on CTS and UniChem.

We investigated the effects of combining outputs for two to six different types of
input identifiers with CTS and two to four different types of input identifiers with
UniChem. The order, in which input identifiers were added, was determined based
on the numbers of identifiers already available in Recon 2. All metabolites in Recon
2 have a name, so we initially used only names. In the second iteration, we com-
bined outputs for names and standard InChIKeys, since standard InChIKeys were
the second most common identifier type in Recon 2. In each subsequent iteration,
we added the next-most-common type of input identifier until outputs for all input
types had been combined. After each iteration, we assigned a confidence score to
each returned output identifier that was increased each time that same output iden-
tifier was returned. For each metabolite, we only retained output identifiers with
the highest confidence score out of all identifiers returned for that same metabolite.
The confidence score assigned to each output identifier was increased by 0.5, if the
identifier was returned with name as the input type and 1 otherwise. Our confidence
in identifiers returned for names was lower than for other identifiers because, as
discussed above, the number of non-preferred and incorrect identifiers returned for
names was higher.

The overall results of each iteration of the additive mapping tests are quantified in
Table 4.2. The mean score for CTS was significantly higher on these tests, than
on any individual mapping test (Table 4.1). In fact, CTS scored higher on the ad-
ditive mapping tests than any of the three applications did on individual mapping
tests, even when outputs for only two types of input identifiers (names and standard
InChIKeys) were combined. The mean score for UniChem also increased as input
identifiers were added, although less than for CTS. When multiple input identifiers
were combined, CTS and UniChem received similar scores, but for different rea-
sons. UniChem continued to return only the preferred output identifier for most
metabolites but, even with four input identifier types combined, it did not return
an output identifier for all metabolites. CTS, on the other hand, returned at least
one candidate output identifier for most metabolites. The preferred identifier was
generally amongst those candidates but several non-preferred identifiers were also
returned. In our opinion, the results of combining input identifiers were qualita-
tively better for CTS than for UniChem. Despite the fact that some manual effort
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is required to sort through candidate output identifiers returned by CTS, it is reas-
suring to know that the output is relatively comprehensive. Otherwise, it would be
necessary to search manually for identifiers that may not even exist. Accepting and
rejecting suggested identifiers is fast by comparison. In the following section, we
therefore use additive mapping with CTS to update metabolite annotations in Recon
2 [22].

Table 4.2: Quantified overall performance of CTS and UniChem on the additive
identifier mapping tests. Results of individual tests are given in Table C.2. NA
implies that the input identifier type was not covered by the corresponding appli-
cation. PubChem refers to the PubChem Compound database and KEGG to the
KEGG Compound database.

Mean counts
In Hits Out Matches Mean score

Name only
CTS 100 67 141 63 0.30
UniChem NA NA NA NA NA

+ InChIKey
CTS 100 95 112 87 0.74
UniChem 100 80 83 78 0.75

+ ChEBI
CTS 100 96 118 93 0.75
UniChem 100 84 88 82 0.78

+ HMDB
CTS 100 96 113 89 0.75
UniChem 100 85 88 82 0.79

+ KEGG
CTS 100 97 116 93 0.78
UniChem 100 87 91 85 0.82

+ PubChem
CTS 100 97 117 94 0.78
UniChem NA NA NA NA NA

4.3.3. Update of Recon 2 metabolite annotations

Recon 2 includes 2,626 unique metabolites. During the reconstruction of Recon 2,
1,690 metabolites were annotated with a standard InChIKey, 1,125 with a ChEBI
ID, 1,040 with an HMDB ID, 396 with a KEGG CID, and 150 with a PubChem
CID. All metabolites were annotated with a metabolite name. We updated metabo-
lite identifiers in Recon 2 using additive mapping with CTS as described in the
previous section. We used CTS both to review existing annotations and to add as
many new ones as possible. In addition to updating identifier types that were already
present in Recon 2, we added identifiers for the LIPID MAPS Structure Database
(LMSD) [144] which were previously missing. To speed up the process of updating
identifiers, we took advantage of the extensive metabolite annotations that are avail-
able in HMDB [131, 132]. The step-by-step process is described in Section C.2 of
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Appendix C. We added a total of 3,049 new identifiers to Recon 2, removed 124
incorrect identifiers, and replaced 569 identifiers. We therefore updated a total of
3,746 identifiers. All except 233 identifiers were updated automatically. These 233
identifiers were selected manually from a list of 2,790 candidates that were returned
by CTS. Manually sorting through the list of candidates required approximately
ten man-hours. A random sample of 100 automatically updated identifiers were
also checked manually. All 100 were found to be correct. The full list of updated
metabolite annotations in Recon 2 is included in the Supplementary Material.

The majority (1,962/2,660) of added identifiers were KEGG and PubChem CID
(Figure 4.3a), which were previously lacking in Recon 2. We also added LMSD ID
for 389 metabolites. Around half (65/124) of all incorrect identifiers were PubChem
CID. The remaining half was evenly distributed among ChEBI ID, HMDB ID and
KEGG CID. Incorrect identifiers were identified and removed automatically (see
Section C.2). The majority of replaced identifiers (464/569) were ChEBI ID. In
most cases, we replaced a ChEBI ID for a charged metabolite, with a ChEBI ID
for the same metabolite in its neutral state. ChEBI and PubChem Compound often
include separate entries for metabolites in neutral and various charged states, but
HMDB , KEGG Compound and LMSD usually only include metabolites in their
neutral state. For the sake of mapping and other comparisons between databases, it
is therefore preferable to include identifiers for metabolites in their neutral states in
metabolic reconstructions. If metabolite charge is required, it can be predicted with
software tools, such as ChemAxon’s Calculator Plugins (ChemAxon Kft., Budapest,
Hungary).

Most of the added identifiers (2,991/3,049) were for metabolites that were already
annotated with at least one identifier besides a chemical name in Recon 2 (Figure
4.3b). Non-name identifiers were added for 28 metabolites that were previously
only annotated with a name. That leaves 594 Recon 2 metabolites with name as
the only annotation. There are two possible reasons for this; either these metabo-
lites are not included in the CTS database, or the synonyms used for them in Recon
2 is not included. The CTS name search is currently only capable of matching
names exactly, so even slight differences between a metabolite name in Recon 2
and the synonyms listed for that metabolite in CTS would prevent finding a match.
A majority (432/594) of the metabolites for which no identifier was found consisted
of macromolecules and metabolites with variable structures (i.e., R groups), such as
polysaccharides and proteins. Such metabolites are seldom included in the chemical
databases considered here, so it is not surprising that no identifiers were found. In
addition, metabolites with variable structures cannot be represented with an InChI.
An InChI based application such as CTS therefore cannot cover them. The remain-
ing metabolites (162/594) are more likely to be included in the databases considered
here. If they are, they must be registered under different synonyms than the names
included in Recon 2. Non-name identifiers for these metabolites will need to be
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searched for manually.
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Figure 4.3: Identifier statistics for Recon 2 before and after metabolite annotations
were updated with CTS. (a) Number of unique metabolites with each of the seven
types of identifiers. n: names, i: InChIKeys, c: ChEBI ID, h: HMDB ID, k: KEGG
CID, p: PubChem CID, l: LipidMAPS ID. (b) Number of unique metabolites with
one, and up to seven, identifiers each.

4.4. Discussion

The three applications compared in this work implement two different metabo-
lite annotation strategies. MetMask implements what can be termed a "metabo-
lite masking" strategy (see Section 4.2.1), whereas CTS and UniChem implement
two different versions of an InChI based strategy (see Sections 4.2.1 and 4.2.1).
We found the InChI based strategy to be better suited for annotation of metabolites
in genome-scale metabolic reconstructions. The main advantage of this strategy
over the metabolite masking strategy is that multiple types of information about a
metabolite can be used to perform independent searches for missing annotations.
The independent search results can then be combined to increase both coverage
and specificity. Candidate annotations are thereby found for a greater number of
metabolites (increased coverage), while candidate annotations for each metabolite
are fewer and usually include the preferred annotations (increased specificity). Can-
didate annotations, which are returned by multiple independent searches, can addi-
tionally be assigned in an automatic manner with more confidence. Neither the
CTS nor UniChem user interfaces currently offer the possibility of combining mul-
tiple types of information to search for missing annotations. Here we performed
each search separately and combined results afterwards. This process was slow and
required a considerable amount of programming. An InChI based application that
allows simultaneous input of multiple types of metabolite information would greatly
simplify and accelerate annotation.
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When multiple independent search results were combined, the InChI based strategy
implemented in CTS gave qualitatively better results than the version implemented
in UniChem. Although UniChem gave more specific results, CTS covered a greater
number of metabolites. The main advantage of CTS over UniChem is that it can map
between a greater number of identifier types. We chose to map between a limited
number of identifier types, that are relevant for the human metabolic reconstruction
Recon 2, but the same strategy could be used to map between any of the 215 types
of identifiers covered by CTS.

The greater metabolite coverage of CTS was mostly due to the fact that CTS allows
chemical names as inputs. This was also the main reason for the lower specificity
of CTS results. Chemical names are rather generic metabolite identifiers, or at least
they are used rather generically in chemical databases. The same name is often asso-
ciated with multiple different structures, sometimes incorrectly [143]. When names
are input to an InChI based mapping application, identifiers for different but equally
valid structures may be returned leading to increased coverage. However, identifiers
for nonpreferred, invalid or even incorrect structures may also be returned leading to
reduced specificity. Inputting the name lactose to CTS, for example, will return both
a KEGG CID and an HMDB ID, for different but equally valid lactose stereoiso-
mers (see Figure 4.1). However, it will also return a total of four PubChem CID,
one of which is invalid as it refers to a generic disaccharide (PubChem CID 294).
To retain the coverage obtained with chemical names as inputs, while minimizing
the adverse effects it has on specificity, we introduced a confidence score that gave
annotations returned for names a lower priority. A similar mechanism could be built
into the metabolite annotation application suggested above, where multiple types of
metabolite information could be input simultaneously as search criteria.

Although the fact that CTS allows names as inputs explains most of the difference
between the specificity of CTS and UniChem, it does not explain all of it (see Fig-
ure 4.2 and Table C.1). Some of this difference is also due to the quality checks
performed by UniChem before data from external databases is imported into the
UniChem database (see Section 4.2.1). Any InChI based application would benefit
from similar quality checks. A recent study [145] showed that different structural
representations (Molfiles, InChIs, SMILES) within the same database entry often
do not represent the same structure. Such mismatches are indicative of errors in
database entries. Quality checks such as the ones implemented in UniChem hinder
such errors from being propagated to local databases for annotation applications.
Additional quality checks could also be performed, such as checking whether the
two dimensional structure (e.g., in Molfile format) and the chemical formula in an
external database entry match the standard InChI. Chemical formulas can also be
used to check candidate annotations returned for metabolites and to weed out incor-
rect ones. All metabolites in metabolic network reconstructions should be annotated
with their chemical formulas. We used metabolite formulas in Recon 2 to review
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database identifiers that were added to the reconstruction (see Section C.2). If the
metabolite formula in the database entry associated with an identifier did not match
the formula in Recon 2, we assumed the identifier was incorrect and rejected it.
Differences in numbers of hydrogen atoms between formulas were ignored. The
metabolite annotation application suggested above could include metabolite formu-
las as one type of input information about metabolites. Candidate identifiers asso-
ciated with different formulas than the input formula would then be rejected before
they were added to the reconstruction.

The coverage of any InChI based application is limited to metabolites with defined
structures that can be represented with InChIs. Metabolic reconstructions often
include generic metabolites with undefined structural elements such as R groups.
These generic metabolites represent whole classes of structurally similar metabo-
lites that undergo the same metabolic transformations in vivo. They are introduced
into reconstructions for simplification. Such generic metabolites cannot be repre-
sented with an InChI and therefore cannot be covered by an InChI based metabolite
annotation application. An annotation application based on a metabolite masking
strategy would be better suited to mapping between identifiers for such metabolites.
The fact that an InChI based application cannot cover generic metabolites of this
type does not decrease its value much, since these metabolites are generally a mi-
nority of all metabolites in metabolic reconstructions and only a minority of those
is expected to be included in chemical databases of interest.

Generic metabolites of a different type that are also found in metabolic reconstruc-
tions are generic stereoisomers, i.e., metabolites with undefined stereochemistry at
one or more stereocenters. An example found in Recon 2 is lactose in Figure 4.1a.
As enzymes that catalyze metabolic reactions involving lactose generally don’t have
known stereospecificity, both the α- and β -epimers are assumed to participate in the
same reactions. Instead of needlessly complicating the reconstruction by writing the
same reactions twice, the two epimers are collapsed into a single generic stereoiso-
mer. The metabolic component lactose in Recon 2 therefore encompasses both α-
and β -lactose. Similar examples are frequent in fatty acid metabolism where cis-
trans isomerism is not specified unless necessary, i.e., for fatty acids that participate
in reactions that are catalyzed by enzymes with known stereospecificity.

Generic stereoisomers can be represented with an InChI and can therefore be cov-
ered by an InChI based application. CTS often returned several candidate identi-
fiers for such metabolites that needed to be sorted through manually to select the
preferred ones. One reason for this is that the names of generic stereoisomers in
Recon 2 are often associated with more specific or even more generic (and thus
invalid) stereoisomers in the databases considered here. As discussed above, the
name lactose is associated with α-lactose (more specific) in HMDB and a disac-
charide with no specified stereochemistry (more generic) in PubChem among other
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database identifiers. Another reason for why CTS often returned several candi-
date identifiers for generic stereoisomers was that preexisting annotations of these
metabolites in Recon 2 were sometimes rather ambiguous. Lactose in Recon 2, for
example, was annotated with the KEGG CID for the generic stereoisomer (Figure
4.1a) and the HMDB ID for the α-epimer (Figure 4.1b). When these two identi-
fiers were used in combination to find the PubChem CID for lactose, CTS naturally
returned PubChem CID for both stereoisomers. This raises the question of how
generic stereoisomers should be annotated in metabolic reconstructions. The gen-
eral rule should be to annotate each metabolite with the most generic identifier of
each type that is still valid. Lactose therefore should be annotated with identifiers for
the generic stereoisomer in Figure 4.1a. However, there is no entry for this lactose
stereoisomer in HMDB. Instead, HMDB includes separate entries for the more spe-
cific α- and β -epimers of lactose. In such cases, the general rule in the past appears
to have been to select the identifier for the most prevalent specific stereoisomer, e.g.,
the HMDB ID for α-lactose, as relevant biochemical data is more likely to be asso-
ciated with that identifier. The advantage of annotating generic stereoisomers with
identifiers for more specific ones is precisely that they provide links to such data.
The disadvantage is that the identity of metabolic components becomes somewhat
ambiguous. It may, for example, not be obvious to all users of Recon 2 whether the
metabolic component lactose represents the generic stereoisomer or only α-lactose
since it is annotated with identifiers for both.

Reconstruction of the metabolic network of an organism or cell type is an iterative
process. Recon 2 is the latest iteration of the human metabolic network reconstruc-
tion. While Recon 2 is much more comprehensive than its predecessor Recon 1
[25], it probably does not capture the entire human metabolic network and further
iterations are expected in the future [22]. Our results suggest some guidelines for
researchers to keep in mind when annotating new metabolites that are added to
metabolic reconstructions, human or otherwise. Firstly, each metabolite should be
annotated with at least one identifier besides name if that is possible. Secondly,
each metabolite should generally be annotated with identifiers for its neutral form.
Exceptions exist for metabolites that only participate in metabolic reactions in a
particular charged state, e.g. inorganic ions such as Cl− and Mg2+. Thirdly, each
metabolite should preferably be annotated with the most generic identifier of each
type that is still valid. This also applies to metabolite names. The name D-glucose,
for example, should not be used for a metabolic component that is meant to represent
α-D-glucose or vice versa. If no generic identifier of a particular type is available for
a metabolite, a more specific identifier may be used. Researchers should, however,
be aware that doing so makes the identity of that metabolite somewhat ambiguous.
Best practices would be to include a note that specifies the relationship of an iden-
tifier to a metabolic component. The ChEBI ontology could serve as a guideline
for how relationships between metabolites should be specified. So, for example, it
would be noted that the metabolite with HMDB ID HMDB00186 (Figure 4.1b) is a
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Lactose.

An InChI based metabolite annotation application has the potential to enable fully
automatic mapping between identifiers for metabolites with defined structures. Fully
automatic mapping, however, would require that both databases and reconstruc-
tions were free of errors and ambiguity. As several authors have demonstrated
[146, 143, 145], errors and ambiguities are quite common in publicly available
chemical databases. If a database identifier is associated with an incorrect InChI
in a database it will not be mapped to the correct metabolite in a reconstruction. As
we demonstrated here, erroneous metabolite annotations are also found in metabolic
reconstructions. In particular, we removed 124 incorrect identifiers from Recon 2.
As discussed above metabolite annotations in metabolic reconstructions can also be
ambiguous, e.g., when a metabolite is annotated with the name of one stereoisomer
but the KEGG CID of another. If a metabolite is annotated with an incorrect iden-
tifier in a metabolic reconstruction it may not be mapped to the correct database
or structure based identifier. Fully automatic mapping between metabolite identi-
fiers will not be possible until such errors and ambiguities are resolved. An InChI
based application such as CTS, however, with the modifications suggested above,
can significantly reduce the manual effort required for mapping between metabolite
identifiers.

4.5. Conclusions

We found that an application implementing an InChI based strategy could facilitate
automatic mapping between metabolite identifiers in metabolic network reconstruc-
tions. Of the two InChI based applications evaluated here we found CTS to be
qualitatively better. The main advantage of CTS is the large number of identifier
types it can map between. As CTS is open source it can be adapted to the task of
mapping between metabolite identifiers in metabolic network reconstructions with
relative ease. We suggest several features that could be added to CTS to optimize
its performance on this task. In particular, we suggest combining multiple types
of information about metabolites to find new identifiers. A confidence score can
be used to account for the fact that some types of input information, in particular
metabolite names, are less reliable than others. We further suggest implementing
various quality checks, similar to those implemented in UniChem, to limit the num-
ber of incorrect identifiers returned for a metabolite. When simple versions of some
of the suggested features were implemented, CTS allowed us to update more than
3,500 metabolite identifiers in Recon 2. Most were updated automatically. Based
on this experience, we suggest some guidelines for future annotation of metabolites
in metabolic network reconstructions. We hope that the updated Recon 2 identifiers
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will facilitate application of Recon 2 in the future. More generally, we hope that our
results will guide developers of reconstruction tools in implementing strategies for
automatically updating metabolite identifiers in metabolic network reconstructions.

4.6. Methods

4.6.1. Design of identi�er mapping tests

MetMask and CTS were tested by mapping six types of input identifiers to four
types of output identifiers. The six input identifier types were metabolite name,
standard InChIKey, ChEBI ID, HMDB ID, KEGG CID and PubChem CID. Out-
put identifier types were the subset of input types that act as primary keys in public
databases, i.e., ChEBI ID, HMDB ID, KEGG CID and PubChem CID. Output iden-
tifiers of these four types can easily be verified by looking them up in the relevant
databases. Since metabolite names and InChIKeys are more difficult to verify, they
were not included as output identifier types. In total, we tested MetMask and CTS
on 20 pairs of input-output identifier types, since input identifiers were not mapped
to output identifiers of the same type. ChEBI ID for example, were only mapped
to HMDB ID, KEGG CID and PubChem CID. UniChem was tested on nine input-
output pairs, since it does not cover metabolite names or PubChem CID. All three
applications were tested on a set of 100 metabolites from the human metabolic re-
construction Recon 2 [22]. The metabolites were chosen randomly from the subset
of Recon 2 metabolites that were already annotated with at least two of the four
database identifiers. For each metabolite, we verified the existing annotations and
attempted to fill in missing annotations of the remaining four input types. The end
result was 100 metabolite names, 100 InChIKeys, 98 ChEBI ID, 100 HMDB ID, 97
KEGG CID and 100 PubChem CID. A minimum of five identifiers were located for
each of the 100 test metabolites.

4.6.2. Scoring

To quantify the relative performance of the three mapping applications, we devised
a simple scoring system. For each input-output pair, each mapping application re-
turned a list of candidate output identifiers associated with the set of input iden-
tifiers. The number of output identifiers associated with a single input identifier
ranged from zero to several. We annotated each returned output identifier as pre-
ferred, valid, invalid, incorrect or nonexistent (see Figure 4.4 for an example). Pre-
ferred identifiers point to the preferred stereoisomer of each compound, which is
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generally the same as the input stereoisomer. There is exactly one preferred out-
put identifier for each input identifier. Valid identifiers point to valid but not pre-
ferred stereoisomers, invalid identifiers point to invalid stereoisomers or mixtures,
incorrect identifiers point to different compounds, and nonexistent identifiers do not
point to anything. Once all output identifiers had been annotated in this manner,
we calculated a score based on the number of input identifiers (In), the number of
input identifiers for which at least one output identifier was returned (Hits), the to-
tal number of returned output identifiers (Out), and the number of preferred output
identifiers (Matches). The score was calculated as

Score =
Hits×Matches

In×Out
. (4.1)

This score can range from 0 to 1. An application receives the maximum score if
it returns the preferred output identifier, and no other, for each input identifier. It
receives a lower score if it returns non-preferred identifiers, or none at all, for a
subset of input identifiers, since some manual effort is then required to sort through
results and fill gaps. Note that the number of input identifiers (In) varies between
identifier types, because two of the 100 test metabolites were not found in ChEBI
(In = 98) and three were not found in KEGG Compound (In = 97).
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(a) Input: C00031

(b) Preferred: 5793 (c) Valid: 79025

(d) Invalid: 206 (e) Incorrect: 5326965

Figure 4.4: An example demonstrating annotation of output PubChem Compound
identifiers (b-e), when the KEGG Compound identifier for D-glucose (a) is input to
a mapping application. The preferred output identifier is for D-glucose (b), but an
identifier for alpha-D-glucose (c) is also valid since it is a D-glucose. An identifier
for a generic hexose (d), however, is not valid. Finally, an identifier for phospho-
lactic acid (e), which is a completely different compound, is incorrect.
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5. Future perspectives

This thesis has resulted in significant methodological developments for estimation
of transformed reaction Gibbs energy in genome-scale metabolic network recon-
structions. Initial work on the generic human metabolic network reconstruction Re-
con 1 revealed several issues with existing estimation methods. Subsequent efforts
focused on resolving the most pertinent issues through development and implemen-
tation of improved estimation methods. An estimation method for genome-scale
metabolic network reconstructions should have high coverage, high accuracy and
be easy to use. The methods developed in this thesis meet these requirements to
a greater extent than existing methods. Perspectives on future research, to develop
estimation methods further, are discussed in this chapter.

5.1. Further development of methods for standard

reaction Gibbs energy estimation

Estimation of transformed reaction Gibbs energy can roughly be broken down into
two steps: 1) estimation of standard reaction Gibbs energy, and 2) adjustment to
in vivo conditions. At the outset of this thesis, the most widely used methods for
estimating standard reaction Gibbs energies in genome-scale metabolic network re-
constructions were group contribution methods [65, 66, 67, 68]. The greatest ad-
vantage of group contribution methods is their high coverage. Reactant contribution
methods [39, 58, 68] yield more accurate estimates but have insufficient coverage
for application to genome-scale metabolic reconstructions. Combining reactant and
group contribution estimates was complicated for two main reasons. Firstly, reac-
tant and group contribution methods may yield inconsistent estimates, as discussed
in detail in Section 3.2.1. Secondly, methods developed separately generally return
estimates in different formats. Integrating estimates from different methods there-
fore requires considerable effort.

von Bertalanffy 1.0 [69] automated integration of estimates derived with Alberty’s
thermodynamic tables [39, 58] and Jankowski et al.’s group contribution method
[67]. These methods were later superseded by the pseudoisomer reactant contri-
bution (PRC) method and pseudoisomer group contribution (PGC) method [68],
respectively. Since the PRC and PGC methods were developed and implemented
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by the same group they returned estimates in the same format. The main challenge
in integrating the two methods was to ensure that estimates were consistent. The
component contribution method, developed as part of this thesis (see Chapter 3), in-
tegrates reactant and group contributions in a fully consistent manner. The current
implementation is based on the PRC and PGC methods. The component contribu-
tion method uses the relative advantages of reactant and group contribution methods
to the maximum, exploiting the greater accuracy of reactant contribution as much as
possible and compensating for its lack of coverage with group contribution. Using
it requires no more effort than using a single group contribution method.

Additional layers in the component contribution method

The component contribution method is a layered estimation method (see Section
3.3.1). Each reaction can currently be split into three layers (Figure 3.3). The top
layer is covered by the reactant contribution method, the next layer is covered by
the group contribution method, and the bottom layer is not covered by either method
and thus not the component contribution method. The group contribution method
is based on the law of additivity of group properties which Benson and Buss [61]
called the second-order approximation to the law of additivity of molecular proper-
ties (see Section 3.2). They called the law of additivity of bond properties a first-
order approximation and the law of additivity of atomic properties a zero-order ap-
proximation. The coverage of the component contribution method could potentially
be increased by decomposing the bottom layers of reactions into additional layers.
These additional layers could be covered by a ’bond contribution’ method and an
’atomic contribution’ method that are based on the first-order and zero-order ap-
proximations, respectively. These lower order approximations are expected to have
sequentially higher coverage but lower accuracy.

Improved group decomposition algorithm

The coverage of the component contribution method is limited by the coverage of
its group contribution method. Many reactions that are not covered by the group
contribution method involve metabolites whose structures can not be decomposed
into defined groups. These are usually metabolites with variable structural elements
represented, for example, as ’R-groups’. In metabolic network reconstructions such
generic metabolites represent classes of metabolites that have identical structures
except for the R-groups and undergo the same metabolic reactions. Their reactions
never alter the R-groups which is why it is not important to include their exact struc-
tures. This fact could also be used to extend the coverage of group contribution to
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reactions involving these metabolites. Group contribution estimates of standard re-
action Gibbs energies only depend on the contributions of groups that are altered in
reactions. Contributions of groups that are conserved in reactions cancel out. The
group decomposition algorithm used by the component contribution method cur-
rently can not decompose metabolites unless they only include defined structural
groups. It could potentially be extended to handle additional metabolites by rep-
resenting nondefined structural subgroups as ’pseudogroups’. Since pseudogroups
will usually cancel out in reactions it is not important to be able to estimate their
contributions to metabolite standard Gibbs energies of formation. A group decom-
position algorithm capable of decomposing metabolites with nondefined structural
groups would greatly increase coverage of the component contribution method.

Additional experimental data on apparent equilibrium constants

Some reactions, that only involve metabolites with defined structural groups, are
still not covered by the component contribution method because the relative Gibbs
energy contributions of the groups involved can not be resolved (see Section 3.3.1).
Coverage of the component contribution method can only be extended to those re-
actions if experimental data on apparent equilibrium constants become available for
additional reactions. Such data would also greatly improve accuracy of the com-
ponent contribution method. Since the component contribution method is based
on linear regression, any additional data would increase its accuracy by improving
sample estimates of population variables (see Section B.7). Data for new reactions
would also increase the accuracy of the component contribution method by extend-
ing the coverage of the more accurate reactant contribution method to reactions
that are currently only covered with the aid of the less accurate group contribution
method.

Systematic de�nition of structural groups

The group contribution method is less accurate than the reactant contribution method
because it is based on the assumption that the contributions of structural subgroups,
to metabolite standard Gibbs energies of formation, are fixed. In Section B.4, this
assumption is estimated to result in a root-mean-square error of approximately 6.8
kJ/mol in group contribution estimated standard reaction Gibbs energies. This error
estimate is specific to the group contribution model used in the component con-
tribution method, which is based on a particular set of group definitions [68]. A
different set of group definitions might result in a more accurate group contribution
method. The set of group definitions has previously been shown to be an important
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determinant of the accuracy of a group contribution method [66]. Re-definition of
groups has been a major component of the evolution of biochemical group contri-
bution methods from the start [65, 66, 67, 68]. The definition of what constitutes
a structural subgroup is rather arbitrary and has in the past been guided mainly by
biochemical insight, trial and error. A more systematic method for defining groups,
using an unsupervised learning algorithm or optimization principles, might generate
better results.

5.2. Further development of methods for

adjustment to in vivo conditions

Transformed reaction Gibbs energies of metabolic reactions are derived from stan-
dard reaction Gibbs energy estimates by adjusting them to in vivo conditions. The
theory for doing so was largely developed at the outset of this thesis [39]. This the-
ory was implemented for metabolic network reconstructions in the COBRA format
[3, 4] in von Bertalanffy 1.0 [69] (see Section 1.5.2). Work on this thesis was fol-
lowed up with subsequent updates of von Bertalanffy, that reflected findings of what
factors were important to accurately estimate transformed reaction Gibbs energy in
vivo. The latest version, von Bertalanffy 2.0, is fully integrated with an implemen-
tation of the component contribution method. Transformed reaction Gibbs energy
is a function of temperature, ionic strength, pH and metabolite concentrations. For
reactions that transport metabolites between cell compartments it is also a function
of differences in pH and electrical potential between compartments (see Section
A.4). An evaluation of the dependency of transformed reaction Gibbs energy on
pH revealed the importance of representing metabolites as pseudoisomer groups of
multiple, differentially protonated species (see Section 2.4.2). Different species of
the same metabolite have different standard Gibbs energies of formation that are
related through the pKa values of differentially protonated functional groups. von
Bertalanffy 2.0 is integrated with external software, from ChemAxon (Budapest,
Hungary), for estimating metabolite pKa values based on metabolite structures. The
pKa estimates make it possible to account for the effects of pseudoisomers on trans-
formed reaction Gibbs energies.

A component contribution method for standard reaction enthalpy estimation

Adjustment of standard reaction Gibbs energies for temperatures other than the stan-
dard temperature should optimally be based on data on standard reaction enthalpies
(see Section 2.3.1). Experimentally measured reaction enthalpies are available for
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very few reactions. Standard reaction enthalpies can be estimated for some reactions
using thermodynamic tables of metabolite standard enthalpies of formation [39, 58],
but these have low coverage. No group contribution method exists for large scale
estimation of standard reaction enthalpies for biochemical reactions. The need for
standard reaction enthalpies is bypassed in von Bertalanffy 2.0 by using an approx-
imation for temperature adjustment that was not found to cause serious error (see
Section 2.3.1). Availability of standard reaction enthalpies might still improve accu-
racy in estimated transformed reaction Gibbs energies at nonstandard temperatures.
Development of a component contribution method for estimation of standard reac-
tion enthalpies would facilitate this goal.

Additional experimental data on compartment speci�c metabolite concentration

ranges

Required inputs to von Bertalanffy 2.0 are standard reaction Gibbs energy estimates,
temperature, and compartment specific ionic strength, pH, electrical potential and
metabolite concentrations. The main outputs are estimates of feasible ranges of
transformed reaction Gibbs energies in vivo. The in vivo transformed reaction Gibbs
energy of a particular reaction is not fixed but can vary within some range that
mainly depends on the concentration ranges of the metabolites involved. Knowl-
edge of the true ranges of transformed reaction Gibbs energies that are feasible in
vivo would enable application of realistic thermodynamic constraints on metabolic
network models. Estimated ranges are generally much wider than the true ranges.
This is evidenced by the fact that directionality constraints determined based on es-
timated transformed reaction Gibbs energy ranges were much more relaxed than
those determined based on literature (see Section 2.4.3). The size of estimated
ranges of feasible transformed reaction Gibbs energies is largely determined by
uncertainty in input variables. Estimated uncertainty in reaction Gibbs energy esti-
mates derived with the component contribution method is significantly lower than
with previously available group contribution methods (see Section 3.3.3). Compo-
nent contribution estimated standard reaction Gibbs energies therefore yield nar-
rower ranges of transformed reaction Gibbs energy estimates. Reduction of uncer-
tainty in other input variables will depend on availability of data from experimental
measurements of those variables in vivo. Estimation of transformed reaction Gibbs
energies in the generic human metabolic network reconstruction Recon 1 revealed
a lack of the necessary data for human cells. Data on pH and electrical potential in
some compartments were obtained from experiments on cells from other mammals
(see Sections A.1 and A.2). Data on ionic strength in mammalian cell compartments
was not found at all. The main determinant of the sizes of estimated ranges of feasi-
ble transformed Gibbs energies, however, is uncertainty in metabolite concentration
ranges. At the time of the Recon 1 study, compartmentally resolved concentrations
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had only been measured for a small portion of human metabolites (see Table A.2).
Accurate estimation of feasible ranges of transformed reaction Gibbs energies in
vivo will only be possible with increased availability of compartmentally resolved,
quantitative metabolomics data.

Implementation of strategies for partial automation of metabolite annotation

The most time consuming step in estimating transformed reaction Gibbs energies,
with the methods developed in this thesis, is collecting the necessary data. Given a
metabolic network reconstruction, the only input data required for the component
contribution method are metabolite structures. Obtaining structures for the hundreds
or thousands of metabolites included in genome-scale reconstructions, however, is
no small task. Metabolite structures are readily available from public biochemical
databases if metabolites are annotated with database specific metabolite identifiers.
Potential strategies for partial automation of metabolite annotation in metabolic net-
work reconstructions were discussed in Chapter 4. The suggested strategies remain
to be implemented, either in existing tools for metabolic network reconstructions or
in a stand-alone application. Data required for adjusting estimated standard reaction
Gibbs energies to in vivo conditions is often only available in literature. Searching
literature for large amounts of data is extremely inefficient. Availability of data
in computer readable databases would greatly facilitate estimation of transformed
reaction Gibbs energies in genome-scale metabolic network reconstructions.

5.3. Applications

The value in thermodynamically constraining metabolic network models, with es-
timated transformed reaction Gibbs energies, is that it enables more accurate pre-
diction of the properties and functions of metabolic reaction networks. Estimated
transformed reaction Gibbs energies have already enabled several interesting appli-
cations, including prediction of putative regulatory sites in metabolic networks [5],
validation of metabolomics data sets [5], improved prediction of steady-state flux
distributions [147], and elucidation of some of the factors that determine metabolite
concentrations in vivo [148]. The foundational methods developed as part of this
thesis, for more accurate estimation of transformed reaction Gibbs energies, should
facilitate future efforts in this direction.
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A. Supplementary material for Chapter 2

A.1. Cell compartment pH

Table 2.1 lists the pH of all cellular compartments included in the human recon-
struction. The three techniques used most frequently to study intracellular pH are
pH-sensitive microelectrodes, pH-sensitive dyes and nuclear magnetic resonance.
Imaging cells loaded with pH-sensitive dyes is the only method with enough spa-
tial resolution to measure pH in individual organelles [149]. The values in table
2.1 were all obtained in live mammalian cells using pH sensitive fluorescent dyes
targeted to the desired cell compartment.

According to the Beer-Lambert law fluorescence depends not only on the extinction
coefficient of the fluorescent molecule but also on its concentration and the length of
the light’s path through the sample. Both concentration and path length are impossi-
ble to measure in a cell. To factor out these variables researchers employ either dual
emission or dual excitation ratiometric fluorescence methods. Either the excitation
wavelength is held constant and emission recorded at two different wavelengths,
or the sample is excited at two different wavelengths and emission is recorded at a
single wavelength. Which method is used depends on the excitation and emission
spectra of the particular fluorescent probe. By taking the ratio of light emission at
two emission or excitation wavelengths, concentration and path length cancel out
[149].

Factors that may influence the outcome of intracellular fluorescence pH measure-
ments include cell type, choice of dye [150] and the method used for in vivo flu-
orescence calibration. The two calibration methods used most frequently are the
nigericin method and the null method. The null method requires fewer assumptions
about the intracellular environment [151]. Preference was here placed on studies us-
ing human cells transfected with pH-sensitive mutants of green fluorescent protein
where fluorescence was calibrated in vivo using the null method.
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A.1.1. Cytosol and nucleus

Buckler and Vaughan-Jones were first to introduce the use of a new pH sensitive
fluorescent probe, carboxy-SNARF-1 (pKa ≈ 7.5), for measurements of cytosolic
pH [152]. Previously, BCECF had been the most popular intracellular pH sen-
sor. The main advantage of carboxy-SNARF-1 is that it is a dual emission fluo-
rophore while BCECF is a dual excitation fluorophore. The two signals needed for
ratiometric pH measurements can therefore be recorded simultaneously. Carboxy-
SNARF-1 also has two pH sensitive emission peaks while BCECF has only one.
Buckler and Vaughan-Jones loaded carboxy-SNARF-1 into cells by dissolving the
acetoxymethyl ester of the dye in the cell medium. In this form the dye readily dif-
fuses through the cell membrane into the cell where it is hydrolyzed by intracellular
esterases. Once hydrolyzed it is retained within the cell. Buckler and Vaughan-
Jones used the dye to measure cytosolic pH in type-1 cells from the carotid body of
neonatal rats. When the dye was calibrated using the nigericin method they obtained
a pH of 7.23 ± 0.04 and when calibrated using the null method the pH was 7.18 ±
0.05. Benink et al [153] were are able to detect a statistically significant difference
between nuclear and cytoplasmic pH in U2OS cells, 7.43 ± 0.13 and 7.05 ± 0.08,
respectively. They discuss that this “tends to differ with cell type” and the issue
seems to still be a matter of debate so we assume the same pH for cytoplasmic and
nuclear pH.

A.1.2. The endoplasmic reticulum, Golgi apparatus and lysosomes

Studies on the pH of organelles in the secretory and endocytic pathways were re-
viewed in Physiology in 2004 [154]. It has been confirmed repeatedly that pH grad-
ually decreases down the secretory pathway. The pH of the endoplasmic reticulum
is around 7.2 or near neutral while the cis Golgi network is slightly acidic with a
pH of approximately 6.7. There is a gradual drop in pH inside the Golgi apparatus
moving towards the trans face and in the trans Golgi network the pH is around 6.0.
In secretory granules the pH drops as low as 5.2. A pH gradient in the opposite di-
rection has been observed in the endocytic pathway towards the lysosomes. While
early endosomes are thought to have a pH of around 6.3, lysosomes are much more
acidic with a pH of approximately 5.5.

A.1.3. Extracellular

Street et al. measured pH in the interstitial fluid of human skeletal muscle [155].
Microdialysis dialysates of interstitial fluid were collected continuously from the
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quadriceps muscles of six healthy adult males at rest and during exercise. pH in the
dialysates was measured using the pH sensitive probe BCECF. Mean interstitial pH
at rest was 7.38 ± 0.02.

A.1.4. Mitochondria

Mitochondrial pH has been measured in HeLa cells [156, 157], neonatal rat car-
diomyocytes [157] and in human umbilical vein endothelial cells (ECV304) [158].
In all cases the pH was found to be close to 8.0.

Llopis et al. transfected HeLa cells and neonatal rat cardiomyocytes with the pH
sensitive GFP mutant EYFP-mit (pKa = 6.4) [157]. EYFP-mit was targeted to the
mitochondrial matrix by fusing it with a short peptide from a mitochondria specific
protein. The subcellular location of EYFP-mit was confirmed by co-staining cells
with the traditional mitochondrial dye rhodamine 124. Fluorescence was calibrated
in vivo using the nigericin method. Mitochondrial pH was found to be 7.98 ± 0.07
in HeLa cells and 7.91 ± 0.16 in cardiomyocytes. Using the same method Porcelli
et al. measured a pH of 7.78 ± 0.17 in ECV304 cells [158].

Abad et al. repeated the experiment on HeLa cells using a different GFP mutant
they called mtAlpHi [156]. The pKa of mtAlpHi is around 8.5 which makes it more
suitable than EYFP-mit as a pH indicator in basic solutions. Mitochondrial pH,
when measured with mtAlpHi, was found to be 8.05 ± 0.11.

A.1.5. Peroxisomes

Peroxisomal pH has not been determined conclusively. Values ranging from 5.8-
8.2 have been reported [159, 160, 161, 162, 163]. Researchers are divided into two
camps on the issue [164]. One group maintains that the peroxisomal membrane is
freely permeable to solutes and that the pH of the peroxisomal lumen is therefore
the same as the cytosol’s, or approximately neutral [161]. The other camp holds that
the peroxisomal membrane is impermeable and that a proton gradient exists across it
which is maintained by a proton pump. Within this camp there is still disagreement
on whether protons are pumped into or out of the peroxisomes, and while some
studies done in yeast have concluded that peroxisomes are acidic [160, 162], others
done both in humans and in yeast reported a basic pH [159, 163].

Jankowski et al. put forth convincing evidence that the pH of peroxisomes was neu-
tral [161]. Peroxisomal pH was measured in Chinese hamster ovary (CHO) cells and
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human foreskin fibroblasts. CHO cells were transfected with pHluorin-SKL (pKa≈
6.5 ) while human foreskin fibroblast were transfected with eGFP-SKL (unspecified
pKa). Both proteins are pH sensitive GFP mutants that have the peroxisomal target-
ing sequence SKL attached to their carboxyl terminal. The proteins were confirmed
to be confined to peroxisomes by double-staining with catalase antibodies once pH
measurements had been completed. When fluorescence was calibrated in vivo us-
ing the nigericin method the pH of CHO cell peroxisomes was found to be 7.12 ±
0.13 but when the null method was used for calibration the measured pH was 6.92
± 0.04. Peroxisomal pH in human foreskin fibroblasts was measured at 7.17 ± 0.22
using the nigericin method for calibration. The authors attributed the difference in
their results and those of earlier studies [159, 162] to methodological differences.

Later however van Roermund et al., using a very similar experimental design as
Jankowski et al., reported peroxisomal pH to be 8.2 ± 0.2 in the yeast S. cere-
visiae [163]. Cells were transfected with a different pH sensitive GFP mutant,
EYFP(H148G)-SKL that has pKa = 8.0. Roermund et al. claimed that the much
lower pH obtained by Jankowski et al. was due to the fact that pHluorin’s pKa is
too low to reliably detect the high pH of peroxisomes.

Antonenkov and Hiltunen have suggested that peroxisomal pH may be variable and
may depend on the physiological state of the cell [164]. This suggestion was part of
the reasoning behind a new theory they put forth on the permeability of the peroxi-
somal membrane. They had previously produced evidence that the membrane was
permeable to small solutes up to 300 Da but not to cofactors and other larger solutes
[165]. According to their theory small solutes such as protons and hydroxide ions
do diffuse freely through pores in the membrane but a pH gradient may still form
across it if the distribution of charges in the peroxisomes and the cytosol is uneven
i.e., a Donnan equilibrium may be reached [164, 166]. Matrix proteins in mouse
and rat liver peroxisomes are mainly positively charged, and thus are more likely to
attract hydroxide ions and repel protons [166]. The distribution of macromolecular
charges between the peroxisomes and the cytosol is, however, not the only determi-
nant of the Donnan potential across the peroxisomal membrane. Charges on other
large solutes such as adenine nucleotides, that do not cross the membrane freely,
also contribute to the equilibrium Donnan potential [166]. This may explain the
observed variability in peroxisomal pH.

A.2. Cell compartment electrical potential

Electrical potential differences across compartmental membranes affect the thermo-
dynamics of ion transport between compartments. As metabolites transported into
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or out of cellular compartments usually pass through the cytosol we define the elec-
trical potential across each compartment’s membrane (∆φcompartment) relative to the
cytosol so that ∆φcompartment = φcompartment − φcytosol . Membrane potentials in the
eight compartments included in Recon 1 are listed in Table A.1, and the relevant
literature is reviewed in the following sections. As with pH we assume that no
electrical potential difference exists between the cytosol and nucleus.

A.2.1. Mitochondria

Electrical potential differences across the inner mitochondrial membrane (∆φm) have
been measured in isolated mitochondria and in intact cells from various tissue [167].
Values measured in intact cells have ranged from -80 to -160 mV depending on
species, cell type and experimental design. Measurements in isolated mitochondria
have generally yielded higher values ranging from -150 to -220 mV.

We chose to use measurements made in intact rat hepatocytes using the cationic
fluorophore TPMP+. Three similarly designed studies reported ∆φm values of -
155.2± 5.2 mV [168], -161± 2.6 mV [169] and -150± 1.0 mV [170]. We used an
intermediate value of -155 mV for ∆φm.

A.2.2. Extracellular �uid

It is well established that electrical potential differences across the plasma mem-
brane (∆φe) are cell type specific and that the difference is greatest in excitable cells
[171]. We chose to use the membrane potential of a nonexcitable cell type as most
cells fall into that category. Hepatocytes were a convenient choice since two of the
three papers cited above for mitochondrial membrane potential in rat hepatocytes
also reported plasma membrane potentials in the same cells. The values reported
for ∆φe in the two papers were 32.8 ± 2.4 mV [169] and 27.8 ± 2.0 mV [170].

A.2.3. Golgi apparatus

The Golgi membrane potential (∆φg) has not to our knowledge been measured di-
rectly. The membrane of the Golgi apparatus has been shown to contain an electro-
genic, V-ATPase proton pump [172] but ∆φg is nevertheless assumed to be negligi-
ble [173, 154, 174]. The reason for this is the presence of large counterion (K+, Cl-)
conductances through the Golgi membrane. After a comprehensive investigation of
the factors that regulate Golgi pH, Schapiro et al. [173] concluded that the flux of
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counterions through the Golgi membrane was at least as high as influx of protons
driven by the V-ATPase. Golgi membrane potential was therefore assumed to be
small or nonexistent. They further concluded that Golgi pH was regulated by a bal-
ance between active transport of protons into the Golgi lumen by the V-ATPase and
passive leak of protons or their equivalents (like OH-) across the Golgi membrane.

A.2.4. Endoplasmic reticulum

The membrane of the endoplasmic reticulum (ER) does not contain active H+ V-
ATPase [174, 175] and it’s permeability to proton equivalents is approximately three
times greater than the Golgi membrane [174]. Permeability of the ER membrane
to the counterions K+ and Cl− is similar to that of the Golgi [174]. These facts
combined have lead researchers to conclude that the ER membrane potential is neg-
ligible [174, 175].

A.2.5. Lysosomes

A method for noninvasive measurement of lysosomal membrane potential, based on
fluorescence resonance energy transfer (FRET), has recently been developed [176].
Steady-state lysosomal membrane potential in mouse RAW264.7 macrophages av-
eraged 19 mV. Evidence suggested that approximately half of this electrical poten-
tial was generated by the activity of H+ V-ATPases in the lysosomal membrane,
whereas the other half was generated by Donnan effects.

A.2.6. Peroxisomes

As discussed in Section A.1.5, current theories suggest that a variable pH gradi-
ent (∆pH) may be generated across the peroxisomal membrane by a variable Don-
nan potential that depends on the distribution of large, charged solutes between the
peroxisomes and cytosol [164, 166]. The proton motive force ∆rG′p i.e., the trans-
formed Gibbs energy for transport of a mole of protons across a semipermeable
membrane, is obtained by rewriting Eq. 2.5 as

∆rG′p =−2.303×RT ×∆pH+F×∆φ .

If an equilibrium ion distribution is reached, such that ∆rG′p = 0, membrane poten-
tial is related to the pH gradient across the membrane by;

∆φ =−2.303×RT ×∆pH
F

.
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In peroxisomes where −1.40 ≤ ∆pH ≤ 1.00 we therefore have that −61.6mV ≤
∆φ ≤ 86.2mV.

A.3. Uncertainty in thermodynamic data

A.3.1. Uncertainty in standard transformed metabolite Gibbs energy of

formation

Here we describe how we propagate uncertainty in experimental thermodynamic
measurements or estimated thermodynamic parameters together with uncertainty
arising from missing data, into our calculation of metabolite Gibbs energy of for-
mation. Let us

f ,i denote uncertainty in ∆ f G′0i,est , due to the standard error in Gibbs
energy contribution estimates for structural groups. The Gibbs energy contribution
of each group included in the group contribution method was reported with a stan-
dard error; SEgr ∈ Rg,1 [67]. We assume uncertainty is given by

us
f ,i = 2×

√√√√ g

∑
p=1

(Gi,p ·SEgr,p)
2, (A.1)

where Gi,p is an element of a group enumeration matrix G ∈ Nm,g, and indicates
the number of occurrences of the pth group in the structure of the ith metabolite.
SEgr,p is the standard error for the pth group. The group enumeration matrix G,
is constructed by von Bertalanffy 1.1 using the output from the group contribution
software by Jankowski et al [67].

Let ua
f ,i denote the uncertainty in measured metabolite Gibbs energy of formation

∆ f ,iG0
obs. Although ua

f ,i is not specified in Alberty’s textbooks, we take it as 4 kJ/mol
as experimental error is generally between 0.04-4 kJ/mol [67].

Let up
f ,i denote the uncertainty in ∆ f G′0i,est due to uncertainty in pKa estimates of the

metabolite species in the corresponding pseudoisomer group. By comparison with
experimental measurements, Szegezdi et al. [177] deemed 0.75 to be the standard
error in pKa estimation by the ChemAxon plugin. This error was factored into un-
certainty in ∆ f G′0i,est in proportion to the relative abundance of species other than
the predominant species at pH 7. For example; a metabolite with a 0.7 mol frac-
tion of the predominant species has up

f ,i = 2×RT ln(10)× (1−0.7)×0.75 = 1.16
kJ/mol (see Eq. 2.3). up

f ,i would be at its maximum theoretical value of 8.56 kJ/mol
for metabolites represented by nonpredominant species only. No Maximum up

f ,i for
Recon 1 metabolites was 3.72 kJ/mol, as no metabolite was represented by nonpre-
dominant species only.
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Let uH
f ,i denote the uncertainty due to our assumption that ∆ f H0

j =∆ f G0
j for metabo-

lite species in pseudoisomer group i. As Alberty provides ∆ f H0
j,obs for a subset of

metabolite species we could calculate that 14.27 kJ/mol is the standard error in
∆ f G′0i associated with our assumption. We set the uncertainty for all metabolites at
twice the standard error; uH

f ,i = 2×14.265 = 28.53 kJ/mol. From the same subset of
metabolite species, we could also calculate that 27.70 kJ/mol is the standard error in
∆ f G′0i if one does not make any adjustment for the difference between room temper-
ature and body temperature, 298.15 and 310.15 K respectively. This demonstrates
the importance of adjusting ∆ f G′0i for temperature even though comprehensive ex-
perimental data on standard enthalpies are still desirable.

Let uI
f ,i denote the uncertainty associated with the absence of experimental data on

ionic strength. We calculate the minimum and maximum ∆ f G′0i achievable with
the assumption that ionic strength is between 0.05 and 0.25 M [39] and take uI

f ,i =
1
2×
(
max

(
∆ f G′0i (I)

)
−min

(
∆ f G′0i (I)

))
. We find that uI

f ,i was less than 8.75 kJ/mol
for 95% of metabolites, and the maximum uI

f ,i was 19.61 kJ/mol. The effect of ionic
strength on ∆ f G′0i is greatest for metabolites that have a low charge relative to the
number of hydrogen atoms or vice versa (see Eq. 2.2). Examples are acyl-CoAs,
acyl-carnitines and starch.

Let ux
f ,i denote uncertainty in ∆ f G′0i for peroxisomal metabolites due to variability

in peroxisomal pH (see Table A.1). We take

ux
f ,i =

1
2
×
(
max

(
∆ f G′0i (pHx)

)
−min

(
∆ f G′0i (pHx)

))
where pHx is peroxisomal pH. ux

f ,i was large for most of the 137 peroxisomal
metabolites in Recon 1, and went as high as 584.40 kJ/mol.

Overall uncertainty in ∆ f G′0i,est was calculated as

u f ,i =

√(
us

f ,i

)2
+
(

up
f ,i

)2
+
(

uH
f ,i

)2
+
(

uI
f ,i

)2
+
(

ux
f ,i

)2
,

and overall uncertainty in ∆ f G′0i,obs was

u f ,i =

√(
ua

f ,i

)2
+
(

uH
f ,i

)2
+
(

uI
f ,i

)2
+
(

ux
f ,i

)2
.

As discussed in Section A.3.2 uncertainty in standard transformed reaction Gibbs
energy is not the sum of uncertainty for each ∆ f G′0i involved in a reaction. How-
ever, quantification of uncertainty for individual metabolites is still necessary when
reporting these values.
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A.3.2. Uncertainty in standard transformed reaction Gibbs energy

As we use a group contribution method that linearly approximates the group contri-
bution to standard Gibbs energy of formation, when calculating this uncertainty in
reaction Gibbs energy, denotedus

r,k, one need only consider the groups that are ei-
ther created or destroyed in the reaction. Therefore for the kth reaction, which only
involves metabolites with group contribution estimates we use

us
r,k = 2×

√√√√ g

∑
p=1

((
ST

k ·Gp
)
·SEgr,p

)2
. (A.2)

where Gp ∈ Nm,1 is the pth column of the group enumeration matrix corresponding
to the pthgroup. As uncertainty in measured Gibbs energy is usually lower than un-
certainty in estimated Gibbs energy [67], us

r,k was also used as a slight overestimate
of uncertainty in ∆rG′0k due to uncertainty in ∆ f G0

j,obs.

Let ut
r,k denote the uncertainty in ∆rG′0k due to the standard error in pKa estimates

and the assumption that ∆ f H0
j = ∆ f G0

j . We evaluated the actual ut
r,k using data for

150 reactions (34 nontransport reactions and 116 transport reactions), which only in-
volved metabolites where both ∆ f G0

j,obs and ∆ f H0
j,obs were available in Alberty’s ta-

bles. First; ∆ f G0
j for all species of these metabolites, except the most basic species,

were recalculated using estimated pKa values in place of measured pKa. With these
∆ f G0

j the ∆rG′0k for the aforementioned 150 reactions were calculated with ∆ f H0
j

set equal to ∆ f G0
j for all species. With the ∆rG′0k calculated in this manner, we took

ut
r,k to be twice the standard error, which was 1.57 kJ/mol for nontransport reactions

and 0.45 kJ/mol for transport reactions.

Let uI
r,k denote the uncertainty in ∆rG′0k due to the assumption that compartmental

ionic strength ranges from from 0.05 to 0.25 M. We calculated the minimum and
maximum ∆rG′0k achievable within this range and take

uI
r,k =

1
2
×
(
max

(
∆rG′0k (I)

)
−min

(
∆rG′0k (I)

))
.

We found that uI
r,k was less than 1.87 kJ/mol for 95% of nontransport reactions, and

less than 5.94 kJ/mol for 95% of transport reactions. Maximum uI
r,k was 8.65 kJ/mol

for nontransport reactions and 23.80 kJ/mol for transport reactions.

Let ux
r,k denote uncertainty in ∆rG′0k for peroxisomal reactions due to variability

in peroxisomal pH and electrical potential (see Table A.1). We take ux
r,k = 1

2 ×(
max

(
∆rG′0k (pHx)

)
−min

(
∆rG′0k (pHx)

))
where pHx is peroxisomal pH. We found
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that ux
r,k was up to 11.30 kJ/mol for peroxisomal nontransport reactions, and up to

14.20 kJ/mol for peroxisomal transport reactions.

Overall uncertainty in ∆rG′0k was calculated as

ur,k ≡
√(

us
r,k

)2
+
(

ut
r,k

)2
+
(

uI
r,k

)2
+
(

ux
r,k

)2

and used to define minimum and maximum standard transformed reaction Gibbs
energy, ∆rG′0k,min ≡ ∆rG′0k −ur,k and ∆rG′0k,max ≡ ∆rG′0k +ur,k respectively.
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A.4. Thermodynamic treatment of hydrogen ions

and charge in multicompartmental metabolic

reactions

Alberty [40, 39, 58] and more recently Jol et al. [71] derived relations which in-
dicate how known constant hydrogen ion activity and electrostatic potential should
be treated when there are one or more phases or compartments. We wish to add
some clarity to those efforts by presenting a complementary derivation where the
criterion for spontaneous change for a transport reaction is derived beginning with
the first and second laws of thermodynamics and Gibbs’ fundamental equation for
the differential of internal energy. Jol et al. [71] arrive at the same end result, but
start with the basic equation for the Gibbs energy of a mono-compartmental chem-
ical reaction involving metabolite species, which is then supplemented with terms
to model a multicompartmental chemical reaction involving reactants (representing
pseudoisomer groups).

The second law of thermodynamics is a statistical law [178] which states that the en-
tropy of an isolated system, which is of constant volume and is not in equilibrium,
will tend to increase over time. At equilibrium, the entropy reaches a maximum
[118]. An isolated system is one with no material or energy exchange with the envi-
ronment. In contrast, a living system is not an isolated system. However, the second
law of thermodynamics can still be applied by considering a thought experiment
in which a reaction is surrounded by a bath that maintains certain intensive vari-
ables constant [179]. Together, the reaction and bath constitute a thermodynamic
system. The value of an intensive variable, such as temperature, pressure, hydrogen
ion activity or electrical potential, does not change if the size of the system under
consideration changes. At typical laboratory conditions temperature is held constant
using a heat bath, and the atmosphere acts as a bath to maintain a constant pressure.
In biochemical thermodynamics the buffering capacity of intracellular proteins acts
as a bath which maintains a constant hydrogen ion activity for each compartment.
In a similar way, we can consider the electrical potential within a particular cellular
compartment as a constant.

It is important to consider the definition of a thermodynamic system carefully. Most
stoichiometric reconstructions are at the level of composite rather than elementary
reactions, though there are exceptions [180]. Within a composite metabolic reaction
if one assumes each elementary reaction is thermodynamically feasible, then the
composite reaction may be considered thermodynamically feasible. We shall con-
sider each composite reaction and its bath as a thermodynamic system. Similarly,
a single extreme pathway may be considered thermodynamically feasible if each
composite reaction in that pathway is thermodynamically feasible, otherwise it is
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not thermodynamically feasible. However, since metabolic networks are composed
of many extreme pathways with subsets of metabolites in common, it is an unsafe
to speak about “thermodynamically feasible extreme pathways” (plural) unless one
can confirm that reaction directionality assignments are globally thermodynamically
consistent [41].

This paper is concerned with local thermodynamic feasibility considering each
composite biochemical reaction and its own bath to be a different thermodynam-
ically isolated system. A biochemical reaction can influence the bath either through
a change in its volume, by heat exchange, by exchange of hydrogen ions or exchange
of electrical charge. Because the entropy is a an extensive variable, the entropy of
the combined system is the entropy of the metabolites in the reaction, Smetabolic, plus
the entropy of the bath, Sbath. Likewise, the change in entropy of the combined sys-
tem is the differential in entropy of the metabolites, dSmetabolic , plus the differential
in entropy of the bath, dSbath. By the second law of thermodynamics, the change in
entropy over time, of the combined system, should be nonnegative

dSmetabolic +dSbath ≥ 0. (A.3)

Away from equilibrium, this criterion for spontaneous change is a function of the
change in entropy of the metabolites involved in the reaction and the change in
entropy of the bath. However, we wish to derive a criterion for spontaneous change
which is a function of the metabolites alone [118], so we aim to relate dSbath to
properties of the metabolites involved in the reaction.

According to Gibbs [181], the fundamental equation for the differential of internal
energy of the bath is

dUbath = T dSbath−PdVbath +µ(H)dN(H)bath +µ(φ)dQbath (A.4)

where T is temperature, P is pressure and µ(H) is the hydrogen ion chemical poten-
tial (not including an electrical contribution to chemical potential) and µ(φ) is the
electrostatic contribution to the chemical potential for a charged species at a given
electrostatic potential. Typically µ(φ) = FQφ , where F is Faraday’s constant and Q
is the charge of a species. These intensive variables are identically constant for the
bath and the metabolites in the reaction. Vbath is the volume of the bath, N(H)bath
is the number of hydrogen atoms in the bath and Qbath is the number of electrical
charges in the bath1. Observe that there is no change in abundance of any metabolite
species in the bath other than hydrogen ions or charges.

Since the combined system and bath is isolated with respect to energy exchange
with the environment, by the principle of conservation of energy, the differential in

1For present purposes we consider electrical charge as a species even though its “abundance” can be
negative or positive.
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internal energy of the bath dUbath, is equal and opposite to the differential in internal
energy of the metabolite solution, dUbath =−dUmetabolic. Likewise we assume that
the total volume of the system plus the bath is constant, therefore we have dVbath =
−dVmetabolic. Similarly we assume that the total number of hydrogen ions in the
system plus bath is constant, then by conservation of mass, we have dN(H)bath =
−dN(H)metabolic. Finally we also assume that the total charge of the system and
bath is constant so dQbath = −dQmetabolic. These conservation relations follow as
we consider the combined system to be thermodynamically isolated with respect to
exchange of mass or energy with the environment.

If we substitute these conservation relations into (A.4), we have

dSbath = − 1
T
(dUmetabolic +PdVmetabolic

−µ(H)dN(H)metabolic−µ(φ)dQmetabolic) (A.5)

and by substituting (A.5) for the dSbath term in (A.3) we have

dUmetabolic +PdVmetabolic−T dSmetabolic

−µ(H)dN(H)metabolic−µ(φ)dQmetabolic ≤ 0. (A.6)

Note that the direction of the inequality is reversed at the same time as the signs
have changed. Since we have a criterion for spontaneous change as a function of
only metabolic terms, hereafter we omit the metabolic subscripts, as we manipulate
(A.6) into a more useful form.

Let us define a thermodynamic potential, which we shall call the (Legendre) trans-
formed Gibbs energy G′, as

G′ ≡U +PV −T S−µ(H)N(H)−µ(φ)Q (A.7)

where the rationale for this particular definition will follow later. Since the trans-
formed Gibbs energy of the metabolic system is a state variable, its exact differential
[118] is

dG′ = dU +PdV +V dP−T dS−SdT

−N(H)dµ(H)−µ(H)dN(H)−Qdµ(φ)−µ(φ)dQ. (A.8)

The net change in number of hydrogen ions due to a reaction is

dN(H) =
N

∑
j=1

N j(H)dn j, (A.9)

where N j(H) is the number of hydrogen atoms in metabolite species j, n j is the
amount of species j, and N is the number of species in the system. The net change
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in charge due to a reaction is

dQ =
N

∑
j=1

Q jdn j, (A.10)

where Q j is the charge of metabolite species j. The fundamental equation for the
differential of internal energy for the N metabolite species in the reaction is

dU = T dS−PdV +
N

∑
j=1

µ jdn j, (A.11)

where µ j denotes the chemical potential of metabolite species j. Insertion of (A.9),
(A.10) and (A.11) into (A.8) gives

dG′ = V dP−SdT −N(H)dµ(H)−Qdµ(φ)

+
N

∑
j=1

(µ j−µ(H)N j(H)−µ(φ)Q j)dn j. (A.12)

This is a criterion for spontaneous change expressed in terms of change in pressure,
temperature, hydrogen ion chemical potential, electrical potential and the abundance
of each metabolite. If we define the Legendre transformed chemical potential of a
metabolite species as the partial derivative of the transformed Gibbs energy

µ
′
j ≡
(

∂G′

∂n j

)
= µ j−N j(H)µ(H)−µ(φ)Q j, (A.13)

then for reactions which occur within a single compartment at constant pressure,
temperature, hydrogen ion chemical potential and electrical potential, the criterion
for spontaneous change is simply

(
dG′
)

P,T,µ(H),µ(φ)
=

N

∑
j=1

µ
′
jdn j.

However, when a reaction involves transport of metabolite species between different
compartments with possibly different hydrogen ion activity or electrical potential
then the criterion for spontaneous change for a reaction is

(
dG′
)

P,T =−N(H)dµ(H)−Qdµ(φ)+
N

∑
j=1

µ
′
jdn j, (A.14)

where N(H) the net number of hydrogen ions transported from initial to final com-
partment, dµ(H) is the difference between initial and final compartment hydrogen
ion chemical potential, Q is the net number of charges transported from initial to
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final compartment and dµ(φ) is the difference between the appropriately scaled
electrostatic potential between the initial and final compartment. Finally, note that
the definition of the transformed Gibbs energy (A.7) was not chosen arbitrarily as
the T dS and PdV in (A.8) have been canceled out by (A.8) and do not appear in
(A.12). In addition the µ(H)dN(H) term for hydrogen ions and the µ(φ)dQ terms
for the charge in (A.8) have also been canceled out.

In accordance with Alberty [182], where there are reactions involving electric po-
tential differences, the activity a j of an ion can be defined in terms of its chemical
potential µ j; and the electric potential φk of the kth compartment with

µ j = µ
◦
j +RT ln(a j)+FQ jφk.

In treating the fundamental equations of thermodynamics, chemical potentials of
species are always used, but in making calculations when temperature and pressure
are constant, chemical potentials are replaced by Gibbs energies of formation

µ
◦
j = ∆ f G◦j

µ j = ∆ f G j = ∆ f G◦j +RT ln(a j)+FQ jφk

and Legendre transformed chemical potentials are replaced by transformed Gibbs
energies

µ
◦′
j = ∆ f G◦′j

µ
′
j = ∆ f G′j

= ∆ f G j−N j(H)∆ f G(Hk)−FQ jφk

= (∆ f G◦j +RT ln(a j)+FQ jφk)−N j(H)∆ f G(Hk)−FQ jφk

= ∆ f G◦′j +RT ln(a j)

where ∆ f G(Hk) denotes the Gibbs energy of formation of a hydrogen ion in com-
partment k. A consequence is that the Legendre transformed chemical potential of
a hydrogen ion is zero in every compartment, irrespective of hydrogen ion activ-
ity or electrical potential. However, the direction of free diffusion of a hydrogen
ion between two compartments with identical hydrogen ion activity, but different
electrical potential, is determined by the sign of the driving force (dG′)P,T,µ(H) =
−Qdµ(φ) = −dµ(φ), from (A.14), due to the transport of a positive charge be-
tween compartments.

Acid dissociation reactions equilibrate more rapidly than enzyme-catalyzed reac-
tions. At the time scale of enzyme-catalyzed reactions, acid dissociation reactions
can therefore be assumed to be at equilibrium. Because the transformed chemical
potential of the hydrogen ion is always zero, chemical species that are related by
acid dissociation reactions (acid-base pairs) have the same transformed chemical
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potential at the time scale of enzyme-catalyzed reactions. Chemical species that
are related by acid dissociation reactions are known as pseudoisomer in analogy to
structural isomers which have the same chemical potential at equilibrium [182]. Be-
cause they have the same transformed chemical potential, terms for pseudoisomers
in the summation in Eq. A.14 can be collected to give(

dG′
)

P,T =−N(H)dµ(H)−Qdµ(φ)+
N′

∑
i=1

µ
′
i dn′i, (A.15)

where µ ′i is the transformed chemical potential of pseudoisomer group i, n′i =∑n j is
the amount of pseudoisomer group i, and N′ is the number of pseudoisomer groups
in the system. In contrast to chemical reactions, which are treated in terms of indi-
vidual chemical species, biochemical reactions are treated in terms of pseudoisomer
groups.

Changes in the amounts of pseudoisomer groups in a system where a biochemical
reaction occurs, are not independent but related through the reaction stoichiometry.
The amount n′i of pseudoisomer group i at any point in the biochemical reaction is
[182];

n′i =
(
n′i
)

0 + v′iξ
′, (A.16)

where (n′i)0 is the initial amount of the pseudoisomer group in the system, v′i is the
stoichiometric coefficient for the pseudoisomer group in the reaction, and ξ ′ is the
apparent extent of the reaction. The differential of ni is then;

dn′i = v′idξ
′. (A.17)

Substitution of Eq. A.17 into Eq. A.15 gives;(
dG′
)

P,T =−N(H)dµ(H)−Qdµ(φ)+

(
N′

∑
i=1

v′iµ
′
i

)
dξ
′. (A.18)

The transformed reaction Gibbs energy ∆rG′ of a reaction is defined as the rate of
change of G′ with the apparent extent of the biochemical reaction;

∆rG′ =
(

δG′

δξ ′

)
T,P

=−N(H)dµ(H)−Qdµ(φ)+
N′

∑
i=1

v′iµ
′
i . (A.19)

A.5. Concentrations of water and dissolved gases

In the treatment of biochemical reactions it is typical to assume an activity of water
equal to one [183]. In addition, we use the dissolved oxygen (reactant) concen-
tration range, 0.1− 8.6× 10−6 M . In aqueous phase the reactant carbon diox-
ide is distributed between a number of metabolite species, some involving water
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[CO2] = [CO2(aq)]+ [CO2−
3 ]+ [HCO−3 ]+ [H2CO3]. We assumed a carbon dioxide

concentration of [CO2] = 1 mM [50]. The details follow the special thermodynamic
treatment of carbon dioxide as described by Alberty, (Section 8.7 in [39]).

A.6. Reactions with inconsistent qualitative and

quantitative directionality assignments

In Sections A.6.1 and A.6.2 we discuss our results for 19 reactions that had inconsis-
tent qualitative and quantitative directionality assignments. All reactions are written
out as they were in Recon 1 but with reaction arrows indicating their quantitative
directionality.

A.6.1. Reactions with incorrect quantitative directionality assignments

Complex structural transformations

The group contribution method used here does not appear to be suitable for esti-
mation of reaction Gibbs energies for complex structural transformations such as
opening or closing of rings. Four such reactions had conflicting qualitative and
quantitative directionality. One of the four reactions was the final step in IMP syn-
thesis;

IMP + H2O → 5-formamido-1-(5-phospho-D-ribosyl)imidazole-4-carboxamide,

which is catalyzed by IMP cyclohydrolase (E.C. 3.5.4.10). Kinetic studies on IMP
cyclohydrolase have shown that this reaction is irreversible in the reverse direction
[184]. We estimated that ∆rG′0k =−51.9±19.5 kJ/mol and ∆rG′k,max =−2.6 kJ/mol
for the reaction so it was quantitatively irreversible in the forward direction. We
attribute the incorrect quantitative directionality assignment to the complexity of
the structural transformation that takes place in the reaction (Fig. A.10a).

The other three ring opening or closing reactions that had conflicting qualitative
and quantitative directionality included a nonenzymatic reaction from lysine degra-
dation;

1-piperideine-6-carboxylate + H2O + H+ ← L-allysine,

a similar nonenzymatic reaction from arginine and proline metabolism;

L-glutamic5-semialdehyde → 1-pyrroline-5-carboxylate + H2O + H+,
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and the photolysis of 7-dehydrocholesterol in skin;

7−dehydrocholesterol ← previtaminD3.

An additional source of error in the standard transformed Gibbs energy estimate
for the last reaction is that it is driven by UV radiation [185, 186] which was not
considered in our thermodynamic calculations.

Photolysis of 7-dehydrocholesterol in skin is followed by spontaneous isomerisation
of previtamin D3 to vitamin D3 [185, 186] in the reaction

previtaminD3 ← vitaminD3.

This is another complex structural transformation in the sense that previtamin D3
is composed of a very different set of groups recognized by the group contribution
method than vitamin D3 (Fig. A.10b). The equilibrium constant for the isomeri-
sation at 37°C has been measured as 1.76 or 6.22 depending on the media [186],
meaning ∆rG′0k for the reaction is -1.4 or -4.7 kJ/mol. The reaction should there-
fore be reversible at intracellular conditions. We obtained ∆rG′0k = 278.0± 54.7
kJ/mol and ∆rG′k,min = 193.5 kJ/mol indicating that previtamin D3 formation was
highly favored. The group contribution method therefore appears to be unsuitable
for estimation of the Gibbs energy for this reaction.

A.6.2. Reactions with correct quantitative directionality assignments

ATP-dependent excretion of bilirubin monoglucuronide into serum

Bilirubin is a product of heme catabolism. Due to its hydrophobic nature it is trans-
ported in blood in complex with serum albumin. Under normal conditions it is
taken up by hepatocytes where it is conjugated with glucuronide and secreted in
bile [187]. Under cholestatic conditions, where bile flow is hindered, bilirubin glu-
curonides (bilglcur) are excreted from hepatocytes into serum in an ATP dependent
transport process;

cytosolicbilglcur + ATP + H2O → extracellularbilglcur + ADP + Pi + H+.

This transport appears to be mediated by multidrug resistant protein 3 (MRPs)
which is a member of the ATP binding cassette (ABC) family of transporters [188].
ATP-dependent excretion of bilirubin glucuronide was qualitatively reversible but
quantitatively forward with ∆rG′k,max = −20.3 kJ/mol. The only metabolite in this
reaction that had group contribution estimated ∆ f G0

i was bilirubin glucuronide. As
this metabolite appears on both sides of the reaction, our confidence in the ∆rG′0k
estimate is high.
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Oxidation of L-4-Hydroxyglutamic semialdehyde

An intermediate step in the metabolism of trans-4-hydroxy-L-proline to pyruvate
and glyoxylate, is the oxidation of L-4-hydroxyglutamic semialdehyde by NAD to
form erythro-4-hydroxy-L-glutamate;

L-4-hydroxyglutamicsemialdehyde + NAD + H2O

→ erythro-4-hydroxy-L-glutamate + NADH + 2 H+.

This reaction was included in Recon 1 based on data in the KEGG database [92].
It was qualitatively reversible but quantitatively forward with ∆rG′k,max = −17.6
kJ/mol. The reaction is analogous to an intermediate step in the metabolism of pro-
line to glutamate, which proceeds via an L-glutamic 5-semialdehyde intermediate
[189, 190];

L-glutamic5-semialdehyde + NAD + H2O → glutamate + NADH + 2 H+.

Both reactions are catalyzed by 1-pyrroline-5-carboxylate dehydrogenase (E.C. 1.5.1.12)
in Recon 1. Oxidation of L-glutamic 5-semialdehyde is known to be irreversible
[189, 190], which supports our results for oxidation of L-4-hydroxyglutamic semi-
aldehyde.

Hydrolysis of S-formylglutathione

Formaldehyde from exogenous and endogenous sources is detoxified in human cells
through the combined action of formaldehyde dehydrogenase (E.C. 1.2.1.1) and S-
formylglutathione hydrolase (E.C. 3.1.2.12). Formaldehyde dehydrogenase cataly-
ses oxidation of formaldehyde in the reversible reaction [191]

formaldehyde+ reducedglutathione+NAD � S-formylglutathione+NADH+H+.

S-Formylglutathione is then hydrolyzed by S-formylglutathione hydrolase in the
reaction [192]

S-formylglutathione + H2O → formate + reducedglutathione + H+.

The S-formylglutathione hydrolase reaction was qualitatively reversible but quan-
titatively forward with ∆rG′k,max = −7.6 kJ/mol. Experiments have shown that the
reaction is irreversible in the forward direction [192], supporting the quantitative
directionality assignment.
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Cytosolic and extracellular oxidation of glutathione

Glutathione is vital to a variety of cellular functions. It reacts with free radicals
to form less reactive chemicals, it is a substrate for several metabolic reactions,
and it participates in regulation of multiple cellular processes [193]. Glutathione is
synthesized from glutamate, cysteine and glycine in two sequential reactions cat-
alyzed by γ-glutamylcysteine synthetase (E.C. 6.3.2.2) and glutathione synthetase
(E.C. 6.3.2.3) [193]. In the cytosol and extracellular fluid, glutathione is oxidized to
glutathione disulfide in the reaction

2 glutathione + H2O2 → glutathionedisulfide + 2 H2O,

which is catalyzed by glutathione peroxidase (E.C. 1.11.1.9). Reduction of glu-
tathione disulfide to glutathione is catalyzed by the NADPH-dependent glutathione
reductase (E.C. 1.8.1.7) [193]. The glutathione-glutathione disulfide couple is the
most abundant redox couple in the cell and the glutathione:glutathione sulfide con-
centration ratio is often used as a measure of the cellular redox state [193, 194].
This concentration ratio is high (>10) at normal conditions but is lowered when the
cell is exposed to oxidative stress.

An experimentally determined equilibrium constant for the glutathione peroxidase
reactions could not be found in the literature. The reactions were set to reversible
in Recon 1 but we obtained ∆rG′k,max = −154.0 kJ/mol for the cytosolic reaction
and ∆rG′k,max = −151.7 kJ/mol for the extracellular reaction, indicating that both
reactions were irreversible in the forward direction. Our confidence in ∆rG′0k for
the reactions are high as they were determined using only ∆ f G′0i,obs. Quantitative
directionality is therefore most likely correct for these reactions.

Vitamin B6 metabolism

Vitamin B6 is an essential nutrient for humans which occurs in diet as three distinct
vitamers; pyridoxine, pyridoxamine and pyridoxal. The three vitamers differ only
in the functional group present in the 4’ position of the pyridine ring common to all
of them. This position holds an aldehyde group in pyridoxal, an alcohol in pyridox-
ine and an amine in pyridoxamine [195, 196, 197]. Inside cells, the three dietary
vitamers are converted to pyridoxal 5’-phosphate; the main active form of vitamin
B6. The first step in this conversion is phosphorylation of the pyridine ring in the 5’
position by pyridoxal kinase (E.C. 2.7.1.35). This single step is sufficient to convert
pyridoxal to pyridoxal 5’-phosphate but an additional oxidation step, catalyzed by
pyridox(am)ine-5’-phosphate oxidase (E.C. 1.4.3.5) is required for complete con-
version of the other two vitamers [195, 196, 197]. The two pyridox(am)ine-5’-
phosphate oxidase reactions are;
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pyridoxine5’-phosphate + O2 → pyridoxal5’-phosphate + H2O2,

and

pyridoxamine5’-phosphate+H2O+O2 → pyridoxal5’-phosphate+NH+
4 +H2O2.

Both reactions were set to reversible in Recon 1. We obtained ∆rG′k,max = −53.6
kJ/mol for the pyridoxine reaction and ∆rG′k,max =−59.6 kJ/mol for the pyridoxam-
ine reaction, so they were quantitatively forward. To our knowledge, the equilibrium
constants of these reactions have not been measured but a different amine oxidase
reaction has been shown to have a negative ∆rG′0k of -19 kJ/mol [198]. The func-
tionality of Recon 1 was not affected by setting these reactions to irreversible in the
forward directions. These facts combined lead us to conclude that the quantitative
directionalities of these two reactions were correct.

Vitamin A metabolism

Active forms of vitamin A in humans include the all-trans- and 13-cis-retinoic acid
isomers [199]. Each is formed by oxidation of the corresponding retinal isomer in a
reaction of the type

retinal + NAD(P) + H2O → retinoicacid + NAD(P)H + 2 H+.

Oxidation of retinal isomers is catalyzed by retinal dehydrogenase (E.C. 1.2.1.36)
[200]. NAD-dependent oxidation of both all-trans- and 13-cis-retinal was qualita-
tively reversible but quantitatively forward with ∆rG′k,max = −7.2 kJ/mol. Experi-
ments with retinal dehydrogenase have shown that oxidation of retinal is irreversible
[200] in agreement with the quantitative directionality assignment.

A.6.3. Reactions with potentially incorrect stoichiometries in Recon 1

Transport of negatively charged anions into the mitochondria

Transport of coenzyme A, hydroxymethylglutaryl-CoA, octanoyl-CoA and carbonic
acid between the cytosol and mitochondria was in each case modeled as reversible
passive diffusion in Recon 1. As all four metabolites are negatively charged at phys-
iological pH their transport into the mitochondria, against a negative membrane po-
tential, is endergonic. All four passive diffusion reactions therefore had a positive
standard transformed Gibbs energies and were quantitatively irreversible in the di-
rection of transport out of the mitochondria. Unless the mitochondrial:cytosolic
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concentration gradients for these metabolites is that much higher, it is unlikely that
they are transported into the mitochondria by passive diffusion.

Coenzyme A is known to be synthesized in the cytosol and transported into the
mitochondria where it is used as a cofactor in the TCA cycle and β -oxidation of
fatty acids [201]. When Recon 1 was published the exact transport mechanism for
coenzyme A was not known. Since then, a novel member of the mitochondrial car-
rier family has been discovered which was shown to transport coenzyme A by a
counterexchange mechanism [202]. The most likely candidates for exchange with
coenzyme A were thought to be intramitochondrial adenine nucleotides, deoxy ade-
nine nucleotides and adenosine 3’,5’-diphosphate.

Formation of adenosine 5'-phosphosulfate (APS)

3’-Phosphoadenylyl sulfate (PAPS) serves as the sulfonate donor in all sulfotrans-
ferase reactions in humans [203]. It is formed from inorganic sulfate and ATP in
a two step process. In the first step, which is catalyzed by sulfate adenylyltrans-
ferase (E.C. 2.7.7.4) [203], inorganic sulfate reacts with ATP to form adenosine
5’-phosphosulfate;

ATP + SO2−
4 + H+ ← APS + PPi.

In the second step, catalyzed by adenylyl-sulfate kinase (E.C. 2.7.1.25) [203], APS
combines with a second molecule of ATP to form PAPS;

APS + ATP → PAPS + ADP + H+.

The adenylyl-sulfate kinase reaction was both qualitatively and quantitatively for-
ward, whereas the sulfate adenylyltransferase reaction was qualitatively forward but
quantitatively reverse with ∆rG′k,min = 7.3 kJ/mol. Measurements of the apparent
equilibrium constant for the sulfate adenylyltransferase reaction have ranged from
6.2×10−9 to approximately 1.1×10−8 [204, 205, 206, 207]. The measured equi-
librium constants correspond to ∆rG′0k between 47.2 and 47.6 kJ/mol which agrees
well with our ∆rG′0k estimate of 48.3± 9.1 kJ/mol. The quantitative directionality
assignment for the sulfate adenylyltransferase reaction was therefore correct.

Correcting the directionality of the sulfate adenylyltransferase reaction in Recon
1 would make the model incapable of producing PAPS. The reaction is driven in
the forward direction in vivo by hydrolysis of pyrophosphate by inorganic diphos-
phatase (E.C. 3.6.1.1) [203]. The overall reaction for APS formation is therefore;

ATP + SO2−
4 + H2O � APS + 2 Pi.
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This reaction is quantitatively reversible with ∆rG′0k = 23.9±11.9 kJ/mol, ∆rG′k,min =
−39.6 kJ/mol, and ∆rG′k,max = 56.6 kJ/mol. To correct the directionality assignment
for the sulfate adenylyltransferase reaction in Recon 1, while still maintaining the
capability of the model to produce PAPS, the first step of PAPS synthesis should be
represented by the overall reaction.
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A.7. Supplementary tables for Section 2

Table A.1: pH and electrical potential (∆φ ) in each of the eight cellular compart-
ments included in Recon 1. *Variability in peroxisomal pH and ∆φ was accounted
for by adding uncertainty to standard transformed Gibbs energy estimates for per-
oxisomal metabolites and reactions (see Sections A.3.1 and A.3.2).

Compartment pH ∆φ (mV) References
Cytosol and nucleus 7.20 0 [152]
Extracellular fluid 7.40 30 [155, 169, 170]
Golgi apparatus 6.35 0 [154, 173, 174]
Lysosomes 5.50 19 [154, 176]
Mitochondria 8.00 -155 [157, 168]
Endoplasmic reticulum 7.20 0 [154, 174]

Peroxisomes* 7.00±1.2 12±74
[159, 160, 161, 162]
[163, 164, 166]
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Table A.2: Compartment-specific concentrations for the most highly connected
metabolites in Recon 1 were assembled from HMDB and literature. Metabolite
names corresponding to the abbreviations in the table are given in the Supporing
Data.

Metabolite xmin (M) xmax (M)
adp[c] 1.00×10−7 1.90×10−3

adp[m] 2.60×10−3 9.40×10−3

amp[c] 1.00×10−7 1.20×10−3

atp[c] 1.29×10−3 4.90×10−3

atp[m] 2.80×10−3 2.04×10−2

coa[c] 2.92×10−5 1.17×10−4

coa[m] 2.20×10−3 3.90×10−3

na1[c] 1.00×10−7 2.50×10−2

na1[e] 1.33×10−1 1.55×10−1

nad[c] 1.05×10−4 7.57×10−4

nad[m] 5.00×10−4 7.50×10−3

nadh[c] 9.26×10−7 3.83×10−4

nadh[m] 1.00×10−7 1.10×10−3

nadp[c] 1.00×10−7 5.83×10−6

nadp[m] 1.00×10−7 1.50×10−3

nadph[c] 1.00×10−7 3.75×10−4

nadph[m] 1.00×10−7 4.20×10−3

nh4[c] 7.00×10−4 9.00×10−4

pi[c] 1.00×10−3 6.30×10−3

ppi[c] 2.10×10−3 7.60×10−3

udp[g] 1.40×10−6 1.40×10−4

h2o 1.00×101 1.00×101

co2 1.00×10−4 1.00×10−4

co2[c] 1.00×10−7 1.40×10−4

o2 8.20×10−8 8.20×10−6

o2[c] 1.00×10−7 8.20×10−6

h 1.00×10−pH 1.00×10−pH

References [91, 208, 209, 210, 211, 212, 213, 214]
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Table A.3: Standard Gibbs energies of formation (∆ f G0
j) for phosphate species of

interest in the pH range 5-9. *Output from the group contribution method. Predom-
inant species at pH 7.

Species ∆ f G0
j,obs (kJ/mol) ∆ f G0

j,est (kJ/mol)
HPO2-

4 −1096.1 −1096.1*
H2PO1-

4 −1137.3 −1135.7
pKa 7.22 6.95
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A.8. Supplementary �gures for Section 2
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Figure A.1: Species distribution for phosphate at pH 5-9, 310.15 K and 0.15 M
ionic strength. Each line represents the pH-dependent relative abundance of a par-
ticular ion, or species, of phosphate.
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Figure A.2: Schema for automatic retrieval of IUPAC International Chemical
Identifiers (InChIs) from the internet databases HMDB, KEGG and ChEBI. First,
metabolite data in Recon 1 was used to retrieve database specific identifiers. The
database identifiers were then used to retrieve InChIs.
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Figure A.3: Standard transformed reaction Gibbs energies (∆rG′0k ) calculated with
(blue) and without (red) data on metabolite species standard enthalpies of formation
(∆ f H0

j ). The difference between the two is a measure of the contribution of entropy
to ∆rG′0k . The entropic contribution was small for 150 reactions involving only
metabolites with known ∆ f H0

j . For clarity, only those reactions that had ∆rG′0k
magnitudes between 1 and 50 kJ/mol are shown.
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Figure A.4: ∆ f G′0i for phosphate in the pH range 5-9. The group contribution
method returned ∆ f G0

j,est for HPO2-
4 ; the predominant species at 298 K, 0 M ionic

strength and pH 7. Instead of approximating ∆ f G′0i,est for phosphate at physiolog-
ical conditions with ∆ f G′0j,est for HPO2-

4 only (dashed straight line), we computed
∆ f G0

j,est for H2PO1-
4 and included it in our calculations of ∆ f G′0i,est (solid curve).

Doing this reduced the deviation of ∆ f G′0i,est from ∆ f G′0i,obs (dash-dot curve) at lower
pH where H2PO1-

4 replaces HPO2-
4 as the predominant species. At 310.15 K and

0.15 M ionic strength, H2PO1-
4 is the predominant species at all pH below 6.5. Be-

low pH 6.5, the deviation of ∆ f G′0i,est (HPO2-
4 only) from ∆rG′0i,obs decreases with pH.

In contrast, ∆ f G′0i,est (HPO2-
4 and H2PO1-

4 ) deviates only slightly from from ∆rG′0i,obs,
even at low pH.
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Figure A.5: ∆rG′0k ± ur for reactions in Recon 1, as well as ranges of ∆rG′k
achievable within the specified bounds on metabolite concentrations. Reactions
are sorted by increasing ∆rG′0k . Reactions were said to be quantitatively forward if
∆rG′k,max < 0 (leftmost reactions), quantitatively reverse if ∆rG′k,min > 0 (rightmost
reactions), and quantitatively reversible if ∆rG′k,min < 0 and 0 < ∆rG′k,max (central
reactions).
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Figure A.6: Number of ∆rG′0k calculated from each source of ∆ f G′0i . The majority
of ∆rG′0k were calculated using at least one ∆ f G′0i,est .
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Figure A.7: Distribution of ∆rG′0k for 2129 reactions in Recon 1. Most reactions had
∆rG′0k between -100 and 50 kJ/mol, but redox reactions involving oxygen, hydrogen
peroxide, NADH or NADPH often had a much larger negative ∆rG′0k of around -400
kJ/mol.
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Figure A.8: The effect of pH on ∆rG′0k for cytosolic nontransport reactions (dashed
lines) and all transport reactions (solid lines) when metabolites are represented
by pseudoisomer groups of multiple ionic species (orange lines), and when they are
represented by the single most predominant species at pH 7 (green lines). The figure
shows changes in ∆rG′0k magnitude, as cytosolic pH is varied from 5 to 9 while the
pH of all other compartments is kept constant at pH 7. Representing metabolites as
pseudoisomer groups is particularly important for transport reactions.
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Figure A.9: The effect of compartmental differences in pH on ∆rG′0k for transport
reactions involving phosphate. Cytosolic pH was increased from 5 to 9 while the pH
of the second compartment was kept constant at pH 7. (a) Increasing cytosolic pH
affects ∆rG′0k,obs (dash-dot curve) for proton-phosphate symport into the mitochon-
dria by altering the distribution of phosphate species and the chemical potential of
the proton. Both effects are captured in ∆rG′0k,est when phosphate is represented as
a pseudoisomer group consisting of both HPO2-

4 and H2PO1-
4 (solid curve). When

phosphate is represented by HPO2-
4 only, variations in cytosolic pH still affect the

chemical potential of the proton but not the distribution of phosphate species. This
leads to large errors in ∆rG′0k,est (dashed line). (b) ∆rG′0k,est for passive diffusion of
phosphate between the ER and cytosol is not affected by variations in cytosolic pH
when phosphate is represented by HPO2-

4 only, because no protons are transported.

(a) (b)

Figure A.10: The group contribution method appears unsuitable for estimation
of reaction Gibbs energies for complex structural transformations such as (a) the
closing of the pyrimidine ring in IMP and (b) the translocation of double bonds in
vitamin D3. Reaction diagrams were created in MarvinSketch (v5.3.7, ChemAxon,
Budapest, Hungary).
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B. Supplementary material for Chapter 3

B.1. Training data

The component contribution method is based on a machine learning algorithm, and
completely relies on empirical data in order to infer the parameters needed for later
estimation. This empirical data is called the training data, and the inference of
parameters is called the training stage.

Nearly all Gibbs energy measurements, for compounds and reactions in aqueous
solutions at near-room temperature, are derived from the equilibrium constants of
enzyme-catalyzed reactions. Typically, an enzyme that specifically catalyzes a cer-
tain reaction is purified and added to a medium that contains the reaction substrates.
After the reaction reaches equilibrium, all reactant concentrations are measured.
The equilibrium constant K′ is defined as the ratio between the product of all prod-
uct concentrations and the product of all substrate concentrations. Since there is no
easy way to distinguish between pseudoisomers of the same compound, the concen-
tration of every reactant is actually the sum of all its protonation states. Therefore,
K′ is the apparent equilibrium constant, which is related to the standard transformed
Gibbs energy of reaction (∆rG′◦[215]). The problem with using this data as-is lies
in the fact that K′ and ∆rG′◦ depend on the aqueous environment (e.g. pH, ionic
strength, and pMg). The measurements listed in TECRDB span a wide range of pH
and ionic strength values, and many of the reactions have only been measured in
non-standard conditions.

In order to standardize the training data and eliminate the effects of pH and ionic
strength, we apply an inverse Legendre transform [60] to convert ∆rG′◦ into ∆rG◦

(i.e. from transformed Gibbs energies to chemical Gibbs energies). As with the
forward Legendre transform, this process requires the pKa values for each of the
reactants, provided by Caluclator Plugins from ChemAxon.

The TECRDB contains close to 4000 unique values of K′ (for about 400 reactions in
different conditions). In addition, the standard chemical Gibbs energies of formation
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for another ≈ 200 compounds are listed in the literature [57, 58]. All this training
data is collected and stored in a 1362 by 4146 stoichiometric matrix (S), along with
the 4146 Gibbs energies (∆rG◦obs) corresponding to the columns of S.

B.1.1. Errors associated with the inverse Legendre transform

It is difficult to verify that effectiveness of the inverse Legendre transform in nor-
malizing the effects of pH and ionic strength. This procedure relies on the reported
pH and I that appear in TECRDB, and which are not always correct or even missing
altogether. In addition, we ignore the effects of temperature and metal ions in the
solution. Perhaps the biggest uncertainty, however, comes from the proton disso-
ciation constants (pKa values) which we obtain from a 3rd party software tool by
ChemAxon.

In theory, if the inverse transform were 100% correct (and all measurements were
exact), then multiple measurements of K′, for the same reaction at different con-
ditions, would all yield the exact same value for ∆rG◦. To test that, we compared
between the standard deviations of the observed Gibbs energies before and after
the inverse transform, namely σ

(
∆rG′◦obs

)
versus σ

(
∆rG◦obs

)
. We only looked at

reactions with more than 5 repeated measurements. We found that there was a re-
duction in the median standard deviation from 2.2 kJ/mol to 1.5 kJ/mol (see Figure
B.1). These results indicate that the condition dependency of K′ has been some-
what normalized but that there is still noise in the data, probably attributed both to
measurement errors and inaccuracies in the inverse Legendre transform.

B.1.2. Weighing the training observations

Since we are combining multiple sources of standard Gibbs energies (formation
energies, reduction potentials, and inverse-transformed reaction energies from hun-
dreds of publications) we allow our method to factor in how reliable each obser-
vation is. Prior to applying the component contribution method, each row of the
stoichiometric matrix S is scaled by the confidence of that observation and the cor-
responding observed values (∆rG◦obs) are scaled accordingly. The results reported in
this paper were derived when applying a fixed weight (e.g. 1) to all observations.
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Figure B.1: Cumulative distribution functions of the standard deviations for ∆rG◦

and ∆rG′◦. The biochemical Gibbs energies (∆rG′◦) directly derived from the ap-
parent K′ in TECRDB has a higher median standard deviation, 2.2 kJ/mol, than the
Gibbs energies after applying the inverse transform (∆rG◦) – which is 1.5 kJ/mol.
Only reactions with more than 5 measurements were considered for this compari-
son.
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B.2. Group decomposition

In all group contribution methods, including the component contribution method,
molecules are decomposed into non-overlapping structural groups. The contribu-
tion of each group to the overall Gibbs energy of the molecule is assumed to be a
constant value, independent of molecular environment or the neighboring groups.
The implementation by Jankowski et al. [67] added interaction factors, which are
similar to groups except that they are allowed to overlap with other groups and with
each other. In [116], we introduced the notion of pseudoisomeric groups, which are
sensitive to the protonation state of the atoms in the group. For the purpose of group
decomposition, and the derivation of the group incidence matrix G , we use here the
exact same group definitions as in [116].

B.3. Full mathematical derivation of the component

contribution method

In order to derive the main result for the component contribution method (Eq. 3.10
in the main text) we reiterate the set of definitions required. Let S∈Rm×n be the sto-
ichiometric matrix of measured reactions, G ∈Rm×g be the group incidence matrix,
∆rG◦obs ∈ Rn×1 be the measured standard Gibbs energies of the reactions in S, and
x ∈Rm be a stoichiometric vector for a new reaction. Define PR(S), PN (S>) ∈R

m×m

as the orthogonal projection matrices onto the range of S and the null space of S>,
respectively. Define xR ≡ PR(S) ·x and xN ≡ PN (S>) ·x. Equations 3.3 and 3.8 (from
the main text) state that

∆ f G◦rc =
(

S>
)+
·∆rG◦obs,

and

∆gG◦gc =
(

S>G
)+
·∆rG◦obs.

Therefore, the component contribution estimation for the standard Gibbs energy of
x will be
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∆rG◦cc,x = x>R ·∆ f G◦rc + x>N G ·∆gG◦gc

= x>R
(

S>
)+
·∆rG◦obs + x>N G

(
S>G

)+
·∆rG◦obs

=
(
PR(S) · x

)>(S>
)+
·∆rG◦obs +

(
PN (S>) · x

)>
G
(

S>G
)+
·∆rG◦obs

= x>
(

PR(S)

(
S>
)+

+PN (S>)G
(

S>G
)+)

·∆rG◦obs. (B.1)

We can thus say the component contribution method is equivalent to a linear regres-
sion problem where the contribution coefficients are given by

∆cG◦cc ≡
(

PR(S)

(
S>
)+

+PN (S>)G
(

S>G
)+)

·∆rG◦obs.

B.4. Estimation of error in group model

The group model in Eq. 3.7 (main text) relies on the assumption that the standard
Gibbs energy of a compound is a simple linear combination of the Gibbs energy
contributions of substructures in that compound. Throughout the main text, we
have referred to this as the assumption of group additivity. The error resulting from
this assumption, which we will refer to as modeling error, can be estimated by
decomposing the residual in group contribution fitted Gibbs energies for reactions
in S,

egc = ∆rG◦obs−∆rG◦gc, (B.2)

into two components; one corresponding to experimental error and the other to mod-
eling error. The component corresponding to experimental error is exactly the resid-
ual in the reactant contribution fitted Gibbs energies for reactions in S,

erc = ∆rG◦obs−∆rG◦rc. (B.3)

An estimate of the modeling error em is therefore given by the difference between
the two residuals

em = egc− erc = ∆rG◦rc−∆rG◦gc. (B.4)

To clarify we reiterate that ∆rG◦rc, given by

∆rG◦rc = PR(S>) ·∆rG◦obs, (B.5)
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is the closest point to ∆rG◦obs that is in the range of S> and therefore consistent
with the first law of thermodynamics (see main text section Reactant contribution
method). Since we assume that the first law holds, we must assume that any com-
ponent of ∆rG◦obs that is orthogonal to R

(
S>
)

is due to experimental error. The
residual erc is the orthogonal projection of ∆rG◦obs onto N (S) which is the orthog-
onal complement of R

(
S>
)
. This can be seen by inserting Eq. B.5 into Eq. B.3;

erc = ∆rG◦obs−PR(S>) ·∆rG◦obs =
(

I−PR(S>)

)
·∆rG◦obs = PN (S) ·∆rG◦obs. (B.6)

erc ⊥R
(
S>
)

is therefore an estimate of experimental error in ∆rG◦obs.

Group contribution fitted Gibbs energies for reactions in S are given by

∆rG◦gc = S>G
(

S>G
)+
·∆rG◦obs = PR(S>G ) ·∆rG◦obs, (B.7)

where PR(S>G ) = S>G
(
S>G

)+ is the orthogonal projector onto the range of S>G .
The residual of the fit is

egc = ∆rG◦obs−∆rG◦gc = ∆rG◦rc−∆rG◦gc + erc

= PR(S>) ·∆rG◦obs−PR(S>G ) ·∆rG◦obs + erc

=
(

PR(S>)−PR(S>G )

)
·∆rG◦obs + erc = em + erc, (B.8)

with em =
(

PR(S>)−PR(S>G )

)
·∆rG◦obs. The modeling error em is therefore the part

of ∆rG◦obs that is consistent with the first law (i.e., is in R
(
S>
)
) but is not explained

by the group model (is not in R
(
S>G

)
).

Note that em ⊥ erc since

e>m · erc = ∆rG◦>obs ·
(

PR(S>)−PR(S>G )

)
·PN (S) ·∆rG◦obs

= ∆rG◦>obs ·
(

I−PN (S)− I +PN (G>S)

)
·PN (S) ·∆rG◦obs

= ∆rG◦>obs ·
(

PN (G>S)−PN (S)

)
·PN (S) ·∆rG◦obs

= ∆rG◦>obs ·
(

PN (G>S) ·PN (S)−PN (S) ·PN (S)

)
·∆rG◦obs

= ∆rG◦>obs ·
(
PN (S)−PN (S)

)
·∆rG◦obs = 0 (B.9)

(see Section B.4.1 for a proof that PN (S) ·PN (G>S) = PN (S)). Therefore,

||egc||2 = ||erc||2 + ||em||2. (B.10)

158



It is important to emphasize that the residual erc is only an estimate of experimental
error for several reasons. Systems of biochemical reactions may deviate slightly
from the assumptions underlying linear regression, but we assume such deviations
are small. More importantly, some error may be introduced by the inverse Legendre
transform of the experimental data (see Section B.1). Since any such error would
contribute equally to egc, however, this would not affect our estimate of em. Even
if the inverse transform introduced no error, it is possible that the orthogonal pro-
jection of ∆rG◦obs did not give the true ∆rG◦ for reactions in S. The true ∆rG◦ may
be some other point in R

(
S>
)

that is further away from ∆rG◦obs. Our estimate of
em would then be offset by the same distance. Lastly we note that, although it is
unlikely that error due to the assumption of group additivity can be avoided in a
linear model such as the group model, it is possible that a different choice of groups
would lead to a reduction in em.

B.4.1. Proof that PN (S) ·PN (G>S) = PN (S)

N (S) is a subspace of N
(
G >S

)
, since any x∈N (S) would have G >Sx = G >0=

0 which would mean that x∈N
(
G >S

)
. Therefore, projecting anything onto N

(
G >S

)
and then onto N (S) would be equivalent to projecting it directly onto N (S).

B.4.2. Error in current group model

We estimated the root-mean-square modeling error for the group model used in the
current publication as √

||em||2
n− rank(S>G )

= 6.8kJ/mol.

The modeling error was approximately normally distributed (Figure B.2a) with
mean ± stdev = -0.4 ± 6.6. The magnitude of the error was only weakly correlated
with the length of group vectors for reactions in S (Pearson’s correlation coefficient
= 1.9, Figure B.2b).

B.5. Reaction type statistics

The uncertainty in our estimations depends on the quality of the training data (i.e.
the measurement error), the amount of examples for each parameter and the crude-
ness of the assumptions made throughout the evaluation. The hierarchical nature
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Figure B.2: Characteristics of the modeling error em for the group model used in
the current publication. (A) A scatter plot of em against the length of group vectors
in S>G . (B) A histogram showing the distribution of em for all reactions in S.

of the component contribution method can be understood by defining four sets of
reactions (where S is the stoichiometric matrix for the training data and G is the
group incidence matrix):

A: Reaction x is part of the training set (i.e. appears in TECRDB). This is equivalent
to saying x is one of the columns in S.

B: Reaction x can be constructed by a linear combination of reactions in the training
set (i.e. x is in the range of S). This is equivalent to saying x⊥N (S>).

C: The group decomposition of reaction x can be constructed by a linear combina-
tion of reactions decompositions in the training set. This is equivalent to saying
G >x⊥N (S>G ).

D: x is a reaction.

These four sets have the following layered relationship: A ⊆ B ⊆ C ⊆ D. The first
and last relations are trivial. To prove that B⊆ C, we only need to see that ∀x ∈ B,
∃v such that Sv = x. Then to show that G >x ⊥N (S>G ), it is enough to see that
∀y ∈N

(
S>G

)
⇒
(
G >x

)> y =
(
v>S>G

)
y = v>

(
S>G

)
y = 0.

This hierarchy of reactions is ordered by increasing uncertainty levels. Estimates
for reactions in A have the lowest uncertainty since these reactions have been di-
rectly measured. Estimates for reactions in B have a slightly higher uncertainty,
since some deduction is made in order to get the value of ∆rG◦, namely an inverse
Legendre transform (which depends on pKa data) and the projection of the observa-
tions onto the column-space of S. CC will apply the RC method exclusively for all
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reactions in this set. Estimates for reactions in C generally have a higher uncertainty
than estimates for reactions in B, as we need to assume that the group decomposi-
tion is the only parameter affecting ∆rG◦ – i.e. that each group has a defined ∆grG◦

regardless of its surroundings within the molecule. Note, that every reaction in B is
also in C and CC will always use the more precise method wherever possible. Fur-
thermore, if x is in C but not completely orthogonal to N (S>), CC will use GC for
the projection of x onto N (S>) and RC for the rest (the part which is orthogonal to
this null-space, i.e. contained in B). Reactions that are not in C cannot be evaluated
at all, and thus the uncertainty in their ∆rG◦ is ∞. A summary of the four sets of
reactions are given in Table B.1, along with the fractions of reactions in iAF1260
and Recon 1 that belong to each set.

Table B.1: Statistics for the four sets of reactions.
Fraction of reactions

Set Definition Methods available iAF1260 Recon 1
A ∃i s.t. x = S∗,i RC / GC / CC 6% 4%
B x⊥N (S>) RC / GC / CC 9% 8%
C G >x⊥N (S>G ) GC / CC 90% 72%
D x ∈ Rm None 100% 100%

B.6. Prediction of �ux distributions

B.6.1. iAF1260

Flux distributions in iAF1260 were predicted using loopless flux balance analy-
sis (ll-FBA) [51]. ll-FBA was used in preference to standard FBA [216] to avoid
artificially high fluxes through reactions in thermodynamically infeasible loops.
Thermodynamics-based metabolic flux analysis (TMFA) [50] was not used to avoid
biasing solutions with our estimated Gibbs energies. A total of 312 flux distribu-
tions were predicted for iAF1260, corresponding to optimal growth on 174 carbon
sources, 78 nitrogen sources, 49 phosphate sources, and 11 sulfur sources that the
model was previously shown to grow on [70]. Constraints on exchange, sink and
demand reactions in each simulation were the same as in [70]. All simulations were
done in Matlab (R2009b, The MathWorks, Natick, MA) with the Gurobi solver
(version 5.0.1, Gurobi Optimization, Inc., Houston, TX).
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B.6.2. Recon 1

As growth is not the primary objective of mammalian cells, we did not simulate
optimal growth on different nutrient sources for Recon 1. Instead, we predicted
optimal flux distributions for 288 metabolic objectives designed to validate Recon
1 [25]. The size of Recon 1 does not allow efficient application of loopless FBA.
We therefore applied standard FBA. In an attempt to find loopless flux distributions
we searched among all alternative optimal distributions for one with a minimum
taxicab norm. As fluxes through reactions in thermodynamically infeasible loops
are usually close to the maximum allowed value, flux distributions including such
loops are expected to have a greater taxicab norm. Minimizing the taxicab norm
will only yield a loopless flux distribution if one exists at the optimum. As a further
step to avoid loops, we therefore eliminated all flux distributions where flux through
at least one reaction was at the maximum allowed value. This step eliminated all
except 97 predicted flux distributions.

B.7. Calculation of con�dence and prediction

intervals

In this section we summarize the statistical theory underlying calculation of confi-
dence intervals for the true values of standard reaction Gibbs energies, and predic-
tion intervals for observations of standard reaction Gibbs energies. The summary is
based on the textbook by Kutner et al. [129]. We focus the summary on reactant
contribution, as it is the simplest linear regression model we work with. Results
for group contribution are always analogous to those for reactant contribution. We
presented the main results for component contribution in the main text.

B.7.1. Assumptions

The regression model for reactant contribution is

∆rG◦obs = S> ·∆ f G◦+ εrc, (B.11)

where ∆rG◦obs ∈ Rn×1 is a vector of observed standard reaction Gibbs energies, S ∈
Rm×n is the stoichiometric matrix for reactions in ∆rG◦obs, ∆ f G◦ ∈Rm×1 is the vector
of standard Gibbs energies of formation for metabolites in S, and εrc ∈ Rn×1 is a
vector of random errors. We assume that the error εrc is normally distributed, with
expected value E (εrc) = 0, and covariance matrix σ2 (εrc) = σ2

rcIn, where σ2
rc is a
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constant and In is the n× n identity matrix. Since all element of both S and ∆ f G◦

are constants, we have that ∆rG◦obs is also normally distributed with

E (∆rG◦obs) = S> ·∆ f G◦+E (εrc) = S> ·∆ f G◦ (B.12)

and σ2
(
∆rG◦obs

)
= σ2 (εrc) = σ2

rcIn.

These assumptions, about the distributions of errors and observed standard reaction
Gibbs energies, apply to any reaction vector x ∈ Rn×1 whether it is a column of
S or a new reaction. Observed standard Gibbs energies for x are assumed to be
distributed as ∆rG◦obs,x ∼ N

(
x> ·∆ f G◦,σ2

rc
)
, and the errors in those observations are

assumed to be distributed as εrc,x ∼ N
(
0,σ2

rc
)
.

According to the first law of thermodynamics, the true standard Gibbs energies ∆rG◦

of reactions in S are given by

∆rG◦ = S> ·∆ f G◦. (B.13)

Comparison with Eq. B.11 shows that E
(
∆rG◦obs

)
= ∆rG◦. The same applies

to an arbitrary reaction vector x i.e., that E
(

∆rG◦obs,x

)
= ∆rG◦x . An estimate of

E
(

∆rG◦obs,x

)
is therefore also an estimate of ∆rG◦x .

B.7.2. Estimation of the distribution of ∆rG◦obs

We use the method of least-squares to estimate E
(
∆rG◦obs

)
and σ2

rc. The least-
squares fit of the reactant contribution model (Eq. B.11) to ∆rG◦obs gives an estimate
of E

(
∆rG◦obs

)
:

∆rG◦rc = S>
(

S>
)+
·∆rG◦obs. (B.14)

The variance σ2
rc is estimated as

s2
rc =

‖erc‖2

n− rank (S)
, (B.15)

where erc = ∆rG◦obs−∆rG◦rc is the residual of the fit in Eq. B.14.

The reactant contribution estimate of E
(

∆rG◦obs,x

)
for an arbitrary reaction vector x

is
∆rG◦rc,x = x>

(
S>
)+
·∆rG◦obs. (B.16)

s2
rc from Eq. B.15 gives an estimate of the variance in ∆rG◦obs,x, since we assumed

that the variance was the same for all x (see Subsection B.7.1).
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B.7.3. Con�dence intervals for ∆rG◦x

∆rG◦rc,x in Eq. B.16 is an estimate of E
(

∆rG◦obs,x

)
, and thus also of ∆rG◦x ; the true

standard Gibbs energy for reaction vector x. However, it is only a point estimate,
which is dependent on the particular sample of observations ∆rG◦obs in our training
set. If we were to repeat the measurements of standard Gibbs energies for all re-
actions in S, we would get a different estimate of E

(
∆rG◦obs,x

)
. If we repeated the

same measurements an infinite number of times, we could construct the sampling
distribution of ∆rG◦rc,x.

The sampling distribution of ∆rG◦rc,x will be normal with mean E
(
∆rG◦rc,x

)
=E

(
∆rG◦obs,x

)
=

∆rG◦x , and variance σ2
rc,x = σ2

rc · x>
(
SS>

)+ x (see [129] for proof). We estimate
E
(
∆rG◦rc,x

)
as ∆rG◦rc,x, and σ2

rc,x as

s2
rc,x = s2

rc · x>
(

SS>
)+

x. (B.17)

The estimated standard deviation src,x =
√

s2
rc,x is sometimes referred to as the stan-

dard error of ∆rG◦rc,x, and we adopt this terminology here.

The estimated parameters of the sampling distribution of ∆rG◦rc,x can be used to cal-
culate confidence intervals for ∆rG◦x . At a specified confidence level γ ∈ [0%,100%],
the confidence interval for ∆rG◦x is

∆rG◦rc,x± tγ,νsrc,x, (B.18)

where tγ,ν is the value of a t-distribution with ν = n− rank (S) degrees of freedom,
at a cumulative probability of (100%+ γ)/2. Since ν is large for our reactant con-
tribution model, we can approximate tγ,ν as zγ ; the value of the standard normal
distribution at a cumulative probability of (100%+ γ)/2. The γ confidence interval
for ∆rG◦x is thus approximated as

∆rG◦rc,x± zγsrc,x. (B.19)

B.7.4. Prediction intervals for ∆rG◦obs,x

We seek to validate the reactant contribution method against experimental data. The
only experimental data available to us is ∆rG◦obs; which we assume to be a vector
of independent observations of standard reaction Gibbs energies. The appropriate
way to validate the reactant contribution method is thus to test its ability to pre-
dict independent observations of standard reaction Gibbs energies. We assume that
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independent observations of the standard Gibbs energy for reaction vector x, are nor-
mally distributed with mean E

(
∆rG◦obs,x

)
and variance σ2

rc. In Subsection B.7.2 we

estimated E
(

∆rG◦obs,x

)
as ∆rG◦rc,x, and σ2

rc as s2
rc. The estimated standard deviation

of ∆rG◦obs,x is src =
√

s2
rc.

Based on these estimates, we could mistakenly predict that approximately 68.4%
of ∆rG◦obs,x would fall within the interval ∆rG◦rc,x± src, approximately 95% would
fall within the interval ∆rG◦rc,x± 1.96× src, and so on. In other words, we could
assume that the γ prediction interval for ∆rG◦obs,x were ∆rG◦rc,x± zγsrc. The reason

this is incorrect is that ∆rG◦rc,x is only a point estimate of E
(

∆rG◦obs,x

)
. Prediction

intervals for ∆rG◦obs,x must account for the variance σ2
rc,x, of the sampling distribu-

tion for ∆rG◦rc,x. The correct way to calculate the γ prediction interval for ∆rG◦obs,x
is therefore as

∆rG◦rc,x± zγ

√
s2

rc + s2
rc,x. (B.20)
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B.8. Symbols

Table B.2: Descriptions of used symbols.
Symbol Description

R the gas constant (8.31 J mol−1 K−1)
T temperature (in K)
K′ apparent reaction equilibrium constant
Q reaction quotient

∆ f G◦ standard Gibbs energy of formation (in kJ/mol)
∆rG◦ standard Gibbs energy of reaction (in kJ/mol)
∆rG′◦ standard transformed Gibbs energy of reaction (in kJ/mol)

S the stoichiometric matrix of measured reactions
G the group incidence matrix

∆rG◦obs observed standard Gibbs energy of measured reactions in S
εrc deviation of ∆rG◦obs from the unknown true Gibbs energies
εgc deviation of ∆rG◦obs from the group contribution assumption

erc / egc residual values for the linear model used in RC/GC
∆ f G◦rc RC estimates of standard Gibbs energies of formation for

compounds in S
∆gG◦gc standard Gibbs energy contributions of the groups in G

∆rG◦rc / ∆rG◦gc / ∆rG◦cc RC/GC/CC fitted standard Gibbs energies for reactions in S
∆rG◦rc,x/∆rG◦gc,x/∆rG◦cc,x RC/GC/CC estimation for the standard Gibbs energy of reac-

tion x
PR(S) orthogonal projection matrix on the range of S

PN (S>) orthogonal projection matrix on the null space of S>

s2
rc / s2

gc estimated variance of the error term εrc / εgc

Vrc / Vgc the covariance matrix for RC/GC estimates
src,x / sgc,x / scc,x the standard error of ∆rG◦rc,x / ∆rG◦gc,x / ∆rG◦cc,x
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C. Supplementary material for Chapter 4
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C.1. Supplementary tables for Section 4

Table C.1: Results of individual identifier mapping tests. Rows are for input identi-
fier types and columns for output types. PubChem refers to the PubChem Compound
database and KEGG to the KEGG Compound database. For each input-output pair
we counted the number of input identifiers (In), the number of input identifiers for
which at least one identifier was output (Hits), the total number of output identi-
fiers (Out), and the number of preferred output identifiers (Matches). Results are
given for MetMask/CTS/UniChem. NA implies that the input identifier type, output
identifier type, or both were not covered by the corresponding application.

Output type
Input type Count ChEBI HMDB KEGG PubChem

Name

In 100/100/NA 100/100/NA 100/100/NA 100/100/NA
Hits 99/66/NA 100/67/NA 98/65/NA 98/70/NA
Out 233/144/NA 119/78/NA 123/106/NA 116/235/NA
Matches 98/59/NA 100/65/NA 97/63/NA 79/65/NA

InChIKey

In 100/100/100 100/100/100 100/100/100 100/100/NA
Hits 99/76/68 100/96/100 98/74/73 98/98/NA
Out 230/91/76 119/96/100 123/92/74 116/115/NA
Matches 98/71/63 100/94/98 97/73/72 79/79/NA

ChEBI

In 98/98/98 98/98/98 98/98/NA
Hits 98/68/65 96/79/69 96/96/NA
Out 117/68/65 121/100/70 114/114/NA
Matches 98/68/64 95/79/69 78/88/NA

HMDB

In 100/100/100 100/100/100 100/100/NA
Hits 99/72/68 98/72/74 98/95/NA
Out 230/86/76 123/90/75 116/112/NA
Matches 98/68/64 97/70/73 79/76/NA

KEGG

In 97/97/97 97/97/97 97/97/NA
Hits 96/81/71 97/71/75 95/94/NA
Out 224/101/80 114/71/75 111/116/NA
Matches 95/79/69 97/70/73 77/86/NA

PubChemCID

In 100/100/NA 100/100/NA 100/100/NA
Hits 97/88/NA 98/76/NA 96/87/NA
Out 228/103/NA 117/76/NA 121/108/NA
Matches 96/88/NA 98/76/NA 95/87/NA
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Table C.2: Results of each iteration of the additive identifier mapping tests. Results
are given for CTS/UniChem. NA implies that the input identifier type, output iden-
tifier type, or both were not covered by the corresponding application. PubChem
refers to the PubChem Compound database and KEGG to the KEGG Compound
database.

Output type
Input type Count ChEBI HMDB KEGG PubChem

Name only

In 100/NA 100/NA 100/NA 100/NA
Hits 66/NA 67/NA 65/NA 70/NA
Out 144/NA 78/NA 106/NA 235/NA

Matches 59/NA 65/NA 63/NA 65/NA

+ InChIKey

In 100/100 100/100 100/100 100/NA
Hits 90/68 98/100 92/73 100/NA
Out 109/76 99/100 116/74 123/NA

Matches 82/63 96/98 90/72 80/NA

+ ChEBI

In 100/100 100/100 100/100 100/NA
Hits 90/68 98/100 96/84 100/NA
Out 109/76 99/102 121/86 144/NA

Matches 82/63 96/99 96/84 97/NA

+ HMDB

In 100/100 100/100 100/100 100/NA
Hits 90/69 98/100 96/85 100/NA
Out 108/77 99/102 119/86 125/NA

Matches 81/64 96/99 95/84 82/NA

+ KEGG

In 100/100 100/100 100/100 100/NA
Hits 93/77 98/100 96/85 100/NA
Out 110/85 99/102 119/86 135/NA

Matches 87/72 96/99 95/84 94/NA

+ PubChem

In 100/NA 100/NA 100/NA 100/NA
Hits 94/NA 98/NA 96/NA 100/NA
Out 112/NA 99/NA 121/NA 135/NA

Matches 91/NA 96/NA 96/NA 94/NA

C.2. Step-by-step description of the annotation of

Recon 2 metabolites

We used the CTS web service for mapping between identifiers (see http://cts.

fiehnlab.ucdavis.edu/moreServices/index). We called the web service from
MATLAB (version R2009b, MathWorks, Natick, MA), using the function urlread.
The web service returns a JSON string, which we parsed for output identifiers using
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regular expressions (function regexp) in MATLAB.

1. Review existing identifiers in Recon 2

a) Download metabolite structures from online databases for all identifiers
in Recon 2.

b) Extract metabolite formulas from downloaded structures. We did this
using version 5.12.3 of ChemAxon’s Calculator Plugins (ChemAxon
Kft., Budapest, Hungary).

c) If the metabolite formula extracted from a structure does not match the
one in Recon 2, discard the corresponding identifier. Ignore differences
in numbers of hydrogen atoms.

2. Map Recon 2 identifiers to HMDB ID with CTS

a) Generate a list of all existing HMDB ID in Recon 2. This is the ini-
tial list of candidate HMDB ID for metabolites in Recon 2. Assign a
confidence score of 0 to each HMDB ID in the list.

b) Map the first metabolite name in Recon 2 to HMDB ID. If one of the
returned HMDB ID was already listed in the previous step as a candidate
HMDB ID for the corresponding metabolite, add 0.5 to its confidence
score. If new HMDB ID are returned, add them to the list of candidate
HMDB ID and assign them a confidence score of 0.5. Repeat for all
metabolite names in Recon 2.

c) Map the first standard InChIKey in Recon 2 to HMDB ID. If any of the
returned HMDB ID were already listed in previous steps as candidate
HMDB ID for the corresponding metabolite, add 1 to their confidence
score. If new HMDB ID are returned, add them to the list and assign
them a confidence score of 1. Repeat for all standard InChIKeys in
Recon 2.

d) Map all ChEBI ID in Recon 2 to HMDB ID in the same way as standard
InChIKeys were mapped.

e) Map all KEGG CID in Recon 2 to HMDB ID in the same way as stan-
dard InChIKeys were mapped.

f) Map all PubChem CID in Recon 2 to HMDB ID in the same way as
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standard InChIKeys were mapped.

3. Rank candidate HMDB ID for each metabolite by their confidence scores.

4. Select preferred HMDB ID from the list of candidates

a) For metabolites with an existing HMDB ID in Recon 2: If the existing
HMDB ID is one of the top ranked HMDB ID for the corresponding
metabolite, keep it automatically. If not, select preferred HMDB ID
manually from the list of all candidate HMDB ID for the corresponding
metabolite.

b) For remaining metabolites: If there is only one top ranked HMDB ID
for a given metabolite, keep it automatically. Otherwise, select pre-
ferred HMDB ID manually from the list of top ranked HMDB ID for
that metabolite.

5. Review new HMDB ID in Recon 2 by comparing formulas as in step 1.

6. Extract standard InChIKeys, ChEBI ID, KEGG CID and PubChem CID from
HMDB. We did this by parsing MetaboCard Files (in XML format) for ver-
sion 3.5 of HMDB. The MetaboCard files were downloaded from www.hmdb.

ca/downloads.

7. Add identifiers extracted from HMDB to Recon 2 where necessary. Do not
overwrite existing identifiers.

8. Review new ChEBI ID, KEGG CID and PubChem CID by comparing for-
mulas as in step 1.

9. Map Recon 2 identifiers (old and new) to ChEBI ID, KEGG CID and Pub-
Chem CID with CTS. Follow the same procedure as for HMDB ID (step 2)
for each type of output identifier, except using HMDB ID as input in place of
the output type.

10. Rank candidate output identifiers by their confidence scores.

11. Select preferred ChEBI ID, KEGG CID and PubChem CID from the lists of
candidates generated in steps 9 and 10, following the same procedure as for
HMDB ID (step 4).

12. Review new identifiers in Recon 2 by comparing formulas as in step 1.
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13. Map updated Recon 2 identifiers to LMSD ID following the same procedure
as for HMDB ID (step 2) except with HMDB ID as an added type of input
identifier.

14. Rank candidate output identifiers by their confidence scores.

15. Select preferred LMSD ID from the lists of candidates generated in steps 13
and 14, following the same procedure as for HMDB ID (step 4).

16. Review LMSD ID added to Recon 2 by comparing formulas as in step 1.
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