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Abstract A coupled in silico thermodynamic and

probabilistic metabolic control analysis methodology

was verified by applying it to the glycerol biosynthetic

pathway in Saccharomyces cerevisiae. The methodology

allows predictions even when detailed knowledge of the

enzyme kinetics is lacking. In a metabolic steady state,

we found that glycerol-3-phosphate dehydrogenase oper-

ates far from thermodynamic equilibrium (DrG
0
1 -15.9

to -47.5 kJ mol-1, where DrG
0
1 is the transformed

Gibbs energy of the reaction). Glycerol-3-phosphatase

operates in modes near the thermodynamic equilib-

rium, far from the thermodynamic equilibrium or in

between (DrG
0
2 & 0 to -23.7 kJ mol-1). From the

calculated distribution of the scaled flux control

coefficients (median = 0.81), we inferred that the

pathway flux is primarily controlled by glycerol-3-

phosphate dehydrogenase. This prediction is consis-

tent with previous findings, verifying the efficacy of

the proposed methodology.

Keywords Glycerol biosynthesis � Metabolic

control analysis � Random sampling � Saccharomyces

cerevisiae � Thermodynamic analysis � Uncertainty

modeling

List of symbols

DrG0 Vector of transformed Gibbs energies of

reaction

DrG
0
1 Transformed Gibbs energy of glycerol-3-

phosphate dehydrogenase reaction (reaction 1)

DrG
0
2 Transformed Gibbs energy of glycerol-3-

phosphatase reaction (reaction 2)

DrG
0 0
1

Standard transformed Gibbs energy of

glycerol-3-phosphate dehydrogenase reaction

(reaction 1)
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DrG
0 0
2

Standard transformed Gibbs energy of

glycerol-3-phosphatase reaction (reaction 2)

DrG00 Vector of standard transformed Gibbs

energies of reaction

R Universal gas constant

T Temperature

NT Transposed stoichiometric matrix in the

thermodynamic analysis

c Vector of metabolite concentrations

cmin Vector of minimum metabolite

concentrations

cmax Vector of maximum metabolite

concentrations

[G3P] Glycerol-3-phosphate concentration

q Vector of disequilibrium ratios

q1 Disequilibrium ratio of glycerol-3-phosphate

dehydrogenase reaction (reaction 1)

q2 Disequilibrium ratio of glycerol-3-phosphatase

reaction (reaction 2)

V Diagonal matrix of steady-state fluxes

v Vector of steady-state fluxes

vnet Steady-state net flux of the pathway

vnet,1 Steady-state net flux of glycerol-3-phosphate

dehydrogenase (reaction 1)

vnet,2 Steady-state net flux of glycerol-3-

phosphatase (reaction 2)

v?,1 Forward steady-state flux of glycerol-3-

phosphate dehydrogenase (reaction 1)

v-,1 Backward steady-state flux of glycerol-3-

phosphate dehydrogenase (reaction 1)

CG3P
e

Matrix of scaled concentration control

coefficients

Cv
e Matrix of scaled flux control coefficients

Cvnet
e1

Scaled flux control coefficient of glycerol-3-

phosphate dehydrogenase (reaction 1)

related to vnet

Cvnet
e2

Scaled flux control coefficient of glycerol-3-

phosphatase (reaction 2) related to vnet

e Vector of enzyme concentrations

e1 Enzyme concentration of glycerol-3-

phosphate dehydrogenase (reaction 1)

e2 Enzyme concentration of glycerol-3-

phosphatase (reaction 2)

Ev
G3P Matrix of scaled elasticities: local

sensitivities of v to changes in [G3P]

E
vþ;1
G3P

Scaled elasticity: sensitivity of vþ;1 to

changes in [G3P]

E
v�;1
G3P

Scaled elasticity: sensitivity of v�;1 to

changes in [G3P]

Pv
e Matrix of scaled elasticities: local

sensitivities of v to changes in e

NMCA Stoichiometric matrix of the metabolic

control analysis

Q0.2 20 % quantile

Q0.8 80 % quantile

Introduction

To compensate for the lack of in vivo kinetic enzyme

data, researchers use probabilistic modeling

approaches to predict the properties of metabolic

networks (Klipp et al. 2004; Wang et al. 2004; Steuer

et al. 2006; Tran et al. 2008; Murabito et al. 2011).

These approaches are based on randomized sampling

of unknown or uncertain parameters within a con-

strained parameter space (Murabito et al. 2011;

Murabito 2013). One such approach is the ORACLE

(Optimization and Risk Analysis of Complex Living

Entities) framework developed by Hatzimanikatis and

coworkers (Wang et al. 2004; Miskovic and Hatzi-

manikatis 2010; Soh et al. 2012; Chakrabarti et al.

2013). This framework samples enzyme elasticities

and integrates thermodynamic and other data sources

into a probabilistic metabolic control analysis (MCA)

of metabolic networks (Soh et al. 2012).

Inspired by the ORACLE framework, we per-

formed a thermodynamic and metabolic control ana-

lysis of the glycerol biosynthetic pathway in

Saccharomyces cerevisiae. This pathway is of special

interest to the bioethanol production industry (He et al.

2014), because high rates of glycerol formation

decrease the practical ethanol yields in current

fermentation processes (Hubmann et al. 2011). Since

data on the glycerol biosynthetic pathway are widely

available, we selected this pathway as a model for

verifying our proposed approach. Nevertheless, to

form a better understanding of the thermodynamic and

control properties of this pathway, an additional

mathematical analysis should be conducted. There-

fore, we calculated thermodynamically feasible trans-

formed Gibbs energies of the relevant reactions, and

obtained the disequilibrium ratios. Similar to the

ORACLE methodology, the disequilibrium ratios are
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input to the probabilistic MCA. The MCA procedure

assumes no specific knowledge of the enzyme kinetic

rate laws. The aim of the study was to evaluate the

capability of the methodology and to examine the

influence of the enzyme kinetics on the flux control

coefficients. Finally, to verify the methodology, we

compared the calculated distributions of the flux

control coefficients with coefficients reported in the

literature.

Methods

Metabolic pathway

Figure 1 depicts the essential reactions in the glycerol

biosynthetic pathway. The precursor dihydroxyace-

tone phosphate (DHAP), an intermediate of glycoly-

sis, is converted in a two-step reaction cascade to

glycerol in the cytosol of Saccharomyces cerevisiae

(He et al. 2014). The first reaction, the conversion of

DHAP to glycerol-3-phosphate (G3P), is catalyzed by

NADH-dependent glycerol-3-phosphate dehydroge-

nase (Gpd p, reaction 1). In the second reaction,

glycerol-3-phosphatase (Gpp p, reaction 2) catalyzes

the conversion of G3P to glycerol (Cronwright et al.

2002).

Thermodynamic analysis

The proposed thermodynamic analysis is based on the

second law of thermodynamics. This law states that

any chemical reaction occurs in the direction of

negative Gibbs energy. Furthermore, this constraint

simultaneously holds for every reaction in a metabolic

network under non-equilibrium steady-state condi-

tions (Kümmel et al. 2006; Cvijovic et al. 2011). In a

biochemical thermodynamics context, this constraint

is expressed as

DrG0\0 ð1Þ

In metabolic reaction networks, DrG0 denotes the

vector of the transformed Gibbs energies of the

reactions in the network. At constant temperature

and pressure, DrG0 is given by

DrG0 ¼ DrG0 0 þ R � T � NT � lnðcÞ ð2Þ

where DrG0 0 represents the vector of the standard

transformed Gibbs energies of the reactions, R is the

universal gas constant, T is the temperature, c is the

vector of metabolite concentrations and NT is the

transposed stoichiometric matrix containing the stoi-

chiometric coefficients of the metabolites. Equation

(2) assumes that the cytosol is a dilute aqueous

solution (Alberty et al. 2011). Kümmel et al. (2006)

adopted Eq. (2) into a constrained optimization

procedure called NET analysis (Network-Embedded

Thermodynamic analysis). Using this approach, we

calculated the ranges of the two transformed Gibbs

energies of reaction in this metabolic pathway (DrG
0
1

for reaction 1 and DrG
0
2 for reaction 2 in DrG0). The

ranges are determined by maximizing and minimizing

the transformed Gibbs energies of reactions under the

constraint of Eq. (1) (assuming a positive net flux in

the direction of dihydroxyacetone phosphate to glyc-

erol). For this purpose, the metabolite concentrations

are constrained within the range

cmin� c� cmax ð3Þ

where cmin and cmax are the vectors of minimum and

maximum metabolite concentrations, respectively

[see Eq. (2); the metabolite concentrations are vari-

ables in the optimization procedure].

The metabolite concentration ranges in the present

study were mainly derived from intracellular

Fig. 1 Reaction scheme of the glycerol biosynthesis pathway

in Saccharomyces cerevisiae (derived from Cronwright et al.

2002)
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concentrations measured by Cronwright et al. (2002)

(for details, see Supporting Information). To deter-

mine the standard transformed Gibbs energy of

reaction of glycerol-3-phosphate dehydrogenase

DrG
0 0
1 and glycerol-3-phosphatase DrG

0 0
2 (in DrG0 0

of Eq. (2)), we used data listed in Goldberg et al.

(1993) (based on Young and Pace (1958)) and

Goldberg and Tewari (1994) (based on Romero and

de Meis (1989)), respectively. From these data, DrG
0 0
1

and DrG
0 0
2 were calculated as -26.5 and -

10.8 kJ mol-1, respectively, at pH 7 and 308.15 K

(details are provided in the Supporting Information).

Thermodynamically feasible pathway states [com-

binations of DrG
0
1 and DrG

0
2 in DrG0 fulfilling Eq. (1)]

were generated by sampling the metabolite concen-

trations within their constrained logarithmic space, as

described by Chakrabarti et al. (2013). The sampling

was conducted by the Artificial-Centering Hit-and-

Run sampler within the MATLAB function cprnd,

programmed by Benham (2011) and based on Kauf-

man and Smith (1998) (see Supporting Information for

details).

The thermodynamically feasible combinations of

DrG
0
1 and DrG

0
2 were converted to combinations of

disequilibrium ratios q1 and q2 by the following

equation (shown for DrG
0
1):

q1 ¼ exp
DrG

0
1

R � T

� �
¼ v�;1

vþ;1
ð4Þ

The disequilibrium ratio is the ratio of backward to

forward steady-state reaction fluxes (in reaction 1, the

backward and forward fluxes are denoted by v�;1 and

vþ;1, respectively) (Rolleston 1972; Fell 1997). At

thermodynamic equilibrium the disequilibrium ratio

equals one; in the forward and reverse reaction

directions, it is less than or greater than one, respec-

tively (Soh and Hatzimanikatis 2010). Furthermore,

the backward and forward steady-state fluxes can be

calculated from the given steady-state net flux and the

disequilibrium ratio (Fell 1997). Specifically, in

reaction 1 we have

vþ;1 ¼
vnet

1� q1

and v�;1 ¼ vþ;1 � vnet; ð5Þ

where vnet is the steady-state net flux in the glycerol

biosynthetic pathway (which is positive in the dihy-

droxyacetone phosphate-to-glycerol direction). In

steady state, the net fluxes of reaction 1 ðvnet;1Þ and

reaction 2 ðvnet;2Þ are equal and both are denoted as

vnet:

In addition, Eq. (5) indicates that the calculated

disequilibrium ratios are suitable input parameters to a

probabilistic metabolic control analysis (Wang et al.

2004).

Metabolic control analysis

Metabolic control analysis (MCA) theory, introduced

by Kacser and Burns (1973) and Heinrich and Rapoport

(1974), is based on the (scaled) concentration and

(scaled) flux control coefficients. In the present study,

the steady-state glycerol-3-phosphate (G3P) concentra-

tion and the steady-state fluxes, v, respond to infinites-

imal changes in the enzyme concentrations e (Wang

et al. 2004; Murabito et al. 2011). These responses are

described by the scaled concentration control coeffi-

cients, CG3P
e , and the scaled flux control coefficients,

Cv
e , respectively, given by (in matrix notation):

CG3P
e ¼ oln ½G3P�ð Þ

olnðeÞ ð6Þ

Cv
e ¼

oln vð Þ
olnðeÞ ð7Þ

In the log–linear formulation, the control coefficient

matrices are evaluated as (Reder 1988; Hatzimanikatis

et al. 1996; Wang et al. 2004):

CG3P
e ¼ � NMCA � V q; vnetð Þ � Ev

G3P

� ��1�NMCA

� V q; vnetð Þ �Pv
e ð8Þ

Cv
e ¼ Ev

G3P � CG3P
e þPv

e ð9Þ

where NMCA denotes the stoichiometric matrix

derived from the model of Cronwright et al. (2002).

NMCA is a one-row four-column matrix containing the

stoichiometric coefficients for G3P. Here, the two net

fluxes are split into forward and backward fluxes.

V q; vnetð Þ is a diagonal 4 9 4 matrix of steady state

fluxes, in which the backward and forward fluxes are

calculated from a given steady-state net flux vnet

and a combination of disequilibrium ratios (q1 and q2

within q). EV
G3P is a 4 9 1 matrix of scaled elasticities

with respect to the G3P concentration (Ev
G3P ¼

o ln vð Þ=o lnð½G3P�Þ), denoting the local sensitivities
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of the fluxes v to the G3P concentration, and Pv
e is a 4

9 2 matrix of scaled elasticities with respect to the

enzyme concentrations e (Pv
e ¼ o lnðvÞ=o lnðeÞ),

denoting the local sensitivities of the fluxes v to the

enzyme concentrations e. Since enzyme reaction rates

are typically proportional to the enzyme concentra-

tions, the scaled elasticities in Pv
e are equal to one

(Wang et al. 2004).

In this study, the scaled flux control coefficients are

calculated similarly to those of Wang et al. (2004). Our

MCA study is based on the model of Cronwright et al.

(2002), but adopts different approaches for describing

the enzyme kinetics within the MCA procedure.

To calculate the distributions of scaled flux control

coefficients, we generated thermodynamically feasi-

ble combinations of disequilibrium ratios in q,

specified the steady-state net flux vnet and generated

the scaled elasticity values in Ev
G3P. The scaled

elasticities in Ev
G3P were generated by two sampling

approaches. In case (i), we uniformly sampled the

scaled elasticities within defined ranges, and corre-

lated the scaled elasticities of the forward and

backward fluxes in the same reaction (e.g. E
vþ;1
G3P and

E
v�;1
G3P; for further details, see Supporting Information,

Steuer et al. (2006) and Grimbs et al. (2007)). In case

(ii), we uniformly sampled the degrees of saturation of

active sites and calculated the scaled metabolite

concentrations as proposed by Wang et al. (2004). In

case (ii), two enzyme kinetic rate laws, based on the

convenience rate law of Liebermeister and Klipp

(2006), were used to derive expressions for the scaled

elasticity calculations (Chakrabarti et al. 2013). These

expressions depend on the calculated scaled metabo-

lite concentrations (see Supporting Information for

details).

For each of the two cases described above, we

computed 4 9 106 stable steady states and their

corresponding scaled flux control coefficients related

to vnet (for details, see Supporting Information). The

local stability of the states was checked by calculating

the eigenvalue of the Jacobian matrix of the system. In

general, the stability criterion is that all eigenvalues of

the Jacobian have negative real parts. The obtained

distributions of the scaled flux control coefficients

were also statistically evaluated to examine the flux

control trend (Wang et al. 2004; Miskovic and

Hatzimanikatis 2010).

Results and discussion

Thermodynamic analysis

Figure 2 shows the calculated ranges of the trans-

formed Gibbs energies of reaction DrG0 for the

pathway operating in metabolic steady state [under

the constraint of Eq. (1)] and in non-steady-state

[unconstrained by Eq. (1)].

Under the investigated conditions, the transformed

Gibbs energy of reaction of glycerol-3-phosphate

dehydrogenase DrG
0
1 (Gpd p, reaction 1) ranges from

-15.9 to -47.5 kJ mol-1, in both steady and non-

steady states. Hence, glycerol-3-phosphate dehydro-

genase is active at all metabolite concentrations

investigated in this study far from thermodynamic

equilibrium. The reaction strongly favors glycerol-3-

phosphate formation and a positive net flux occurs

from dihydroxyacetone phosphate to glycerol-3-phos-

phate. This flux arises from the negative standard

transformed Gibbs energy of reaction DrG
0 0
1 (-

26.5 kJ mol-1), which dominates the DrG
0
1 calcula-

tion equation. Furthermore, the finding that glycerol-

3-phosphate dehydrogenase operates far from ther-

modynamic equilibrium in Saccharomyces cerevisiae

is consistent with a study on human cytosolic glycerol-

Fig. 2 Calculated ranges of DrG
0
1 and DrG

0
2, evaluated by an

optimization procedure at pH 7 and 308.15 K. Thick black bars

indicate the thermodynamically feasible ranges in a metabolic

steady state of the pathway (i.e. DrG0\0). Thin red bars are the

ranges calculated without imposing DrG0\0; the possible

ranges are restricted only by the defined metabolite concentra-

tion ranges (metabolite concentration ranges are provided in the

Supporting Information)
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3-phosphate dehydrogenase (Ou et al. 2006). It has

been hypothesized that an enzyme operating far from

thermodynamic equilibrium is more likely regulated

by the cell (Kümmel et al. 2006). This hypothesis is

supported by findings that the glycerol-3-phosphate

dehydrogenase of S. cerevisiae is inhibited by ATP,

ADP and fructose 1,6-bisphosphate (Albertyn et al.

1992).

Glycerol-3-phosphatase (Gpp p, reaction 2) is

metabolically active in steady state (positive net

flux from glycerol-3-phosphate towards glycerol)

near the thermodynamic equilibrium (DrG
0
2 � 0 but

slightly negative), far from thermodynamic equilib-

rium (DrG
0
2 up to -23.7 kJ mol-1) or at modes

between these extremes. The different DrG
0
2 ranges

calculated with and without the constraint of Eq. (1)

(thick black and thin red bars, respectively, in Fig. 2)

indicate that in metabolic steady state, specific com-

binations of constrained metabolite concentration

values are not allowed to fulfill the constraint of

Eq. (1) (e.g. high product concentrations, low reac-

tant concentrations or a combination of both are

prohibited).

Figure 3a and 3b are histograms of the 49106

thermodynamically feasible combinations of DrG
0
1

and DrG
0
2 generated in this analysis. The distributions

of the histograms can be described as distorted

normally distributed (broader maximum). The shape

of the individual distributions of DrG0 is influenced by

the defined ranges of metabolite concentrations. For

instance, the distribution of DrG
0
1 (Gpd p, reaction 1)

is shifted in the negative direction relative to DrG
0 0
1 of

-26.5 kJ mol-1. This shift occurs because the con-

centration range of glycerol-3-phosphate is broader

and covers more smaller concentrations compared

with the ranges of other metabolites participating in

this reaction (metabolite concentration ranges and

sampling procedure are reported in the Supporting

Information). Moreover, the ranges of DrG
0
1 (-16.3 to

-47.2 kJ mol-1) and DrG
0
2 (& 0 to -23.6 kJ mol-1)

are slightly smaller than those computed by the

optimization procedure (DrG
0
1 -15.9 to -

47.5 kJ mol-1, DrG
0
2 & 0 to -23.7 kJ mol-1). This

mismatch is a limitation of the sampling methodology.

The exact minimal and maximal values of DrG0 are

unlikely to be reached by the sampling approach.

[Note that the full ranges of the generated values are

scarcely visible in Fig. 3a and 3b, because the number

of boundary values is very small.] To obtain the

minimum and maximum DrG0, we must randomly

sample specific combinations of logarithmic metabo-

lite concentrations. However, our metabolic control

analysis (MCA) results did not significantly change

when the number of DrG
0
1 and DrG

0
2 combinations was

increased beyond 4 9 106.

Subsequently, the generated combinations of DrG
0
1

and DrG
0
2 were converted to combinations of disequi-

librium ratios (q1 and q2) by Eq. (4) (distribution

histograms are presented in the Supporting Informa-

tion). q1 and q2 are the ratios of backward to forward

steady-state fluxes of reactions 1 and 2, respectively.

The disequilibrium ratio dataset was used to calculate

the scaled flux control coefficients (see metabolic

control analysis in the Methods section).

a

b

Fig. 3 Histograms showing the distributions of 4 9 106

combinations of thermodynamically feasible DrG
0
1 and DrG

0
2

values. The combinations were computed by sampling at pH 7

and 308.15 K (details of the sampling methodology are

provided in the Supporting Information). a histogram of DrG
0
1

values. b histogram of DrG
0
2 values
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Metabolic control analysis

Figure 4 shows the statistical parameters of the

computed distributions of the scaled flux control

coefficients, together with scaled flux control coeffi-

cients extracted from the literature. Blomberg and

Adler (1989) determined the apparent flux control

coefficient for glycerol-3-phosphate dehydrogenase

(Gpd p, reaction 1) as 0.6. This value (denoted as Cvnet
e1

)

was experimentally estimated in a osmotolerance

study of Saccharomyces cerevisiae. Given that Cvnet
e1
¼

0:6 and applying the summation theorem
P

i Cvnet
ei
¼ 1

(Fell 1997), we estimated the scaled flux control

coefficient for glycerol-3-phosphatase Cvnet
e2

as 0.4.

Assuming a classic kinetic model, Cronwright et al.

(2002) calculated the scaled flux control coefficients

during different growth phases of S. cerevisiae. The

kinetic model incorporates measurements of metabo-

lite concentrations, maximal enzyme rates and kinetic

parameters reported in the literature. The scaled flux

control coefficients of Blomberg and Adler (1989) and

Cronwright et al. (2002) suggest that the glycerol

biosynthetic pathway is chiefly controlled by glycerol-

3-phosphate dehydrogenase (Gpd p, reaction 1). The

importance of glycerol-3-phosphate dehydrogenase

on the pathway flux has been frequently reported in the

literature (Nevoigt and Stahl 1996; Michnick et al.

1997; Remize et al. 1999; Remize et al. 2001).

In this study, the flux control of the pathway

enzymes was assessed by statistically evaluating the

computed scaled flux control coefficients. Our MCA

procedure assumes no specific knowledge of the

enzyme kinetics and the scaled elasticities are

obtained by two different sampling approaches [case

(i) & (ii)]. We deliberately excluded a priori knowl-

edge to evaluate the capability of the methodology and

to examine the influence of the enzyme kinetics on the

scaled flux control coefficients. Furthermore, our

computations of the scaled flux control coefficients

require no knowledge of the kinetic parameters but are

based on stoichiometry and thermodynamics. The

following discussion focuses on the scaled flux control

coefficients of glycerol-3-phosphate dehydrogenase

(Gpd p, reaction 1, Cvnet
e1

). The coefficients of glycerol-

3-phosphatase (Gpp p, reaction 2, Cvnet
e2

) are then

directly obtained from the summation theoremP
i

Cvnet
ei
¼ 1:

In case (i), the scaled elasticities were uniformly

sampled and correlated within defined ranges as

described by Steuer et al. (2006) and Grimbs et al.

(2007). This approach exploits the fact that, in typical

enzyme reactions, the scaled elasticities are confined

to specific ranges. Without further information on the

scaled elasticities, the system can be most generally

examined by uniformly sampling the scaled elastici-

ties within these ranges (Wang et al. 2004). Applying

this approach in the present study, the mean and

median values of the distributed scaled flux control

coefficients for glycerol-3-phosphate dehydrogenase

(the Cvnet
e1

distribution) are 0.57 and 0.56, respectively.

The 20 % quantile Q0:2 is 0.36, indicating that 80 and

20 % of the calculated Cvnet
e1

values are greater and less

than 0.36, respectively. The 80 % quantile (Q0:8) is

0.79 (i.e. 80 and 20 % of the calculated Cvnet
e1

values are

Fig. 4 Statistical parameters of the computed distributions of

scaled flux control coefficients (green diamonds and left-

pointing triangles within bars). The scaled flux control

coefficients extracted from the literature (red circles, squares,

triangles and blue stars) are shown for comparison. The scaled

elasticity values within the metabolic control analysis were

generated in two ways: (i) correlated uniform sampling of scaled

elasticities within defined ranges (Steuer et al. 2006; Grimbs

et al. 2007) and (ii) uniform sampling of the degrees of

saturation of active sites combined with the scaled elasticity

expressions derived from two rate laws based on the conve-

nience rate law (Wang et al. 2004; Liebermeister and Klipp

2006; Chakrabarti et al. 2013) (for details, see Supporting

Information). In both cases, the 4 9 106 thermodynamically

feasible combinations of DrG
0
1 and DrG

0
2 (converted to q1 and

q2) at pH 7 and 308.15 K were used for the generation of 4 9 106

stable steady states, and the corresponding scaled flux control

coefficients were determined. The obtained scaled flux control

coefficient distributions were statistically evaluated (Q0:2: 20 %

quantile and Q0:8: 80 % quantile)
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smaller and greater than 0.79, respectively). This

result implies that the glycerol-3-phosphate dehydro-

genase has a slightly larger control over the pathway

flux compared with the glycerol-3-phosphatase. The

calculated mean and median of the distribution of

scaled flux control coefficients for glycerol-3-phos-

phate dehydrogenase are close to the apparent flux

control coefficient measured by Blomberg and Adler

(1989) (blue star in column 1 of Fig. 4). This result

also shows that, within the ensemble of generated

states, the pathway flux is not necessarily dominated

by the glycerol-3-phosphate dehydrogenase reaction.

In case (ii), the degrees of saturation of active sites

were uniformly sampled and combined with scaled

elasticity expressions derived from two rate laws

based on the convenience rate law (Wang et al. 2004;

Liebermeister and Klipp 2006; Chakrabarti et al.

2013). The convenience rate law can be regarded as a

general approximation to enzyme kinetic rate laws

(Chakrabarti et al. 2013). Furthermore, this general-

ized rate law is adopted in dynamical models of

biochemical reaction networks with plausible biolog-

ical properties (Liebermeister and Klipp 2006). Using

this approach, the mean and median of the distribution

of the calculated scaled flux control coefficients for

glycerol-3-phosphate dehydrogenase (the Cvnet
e1

distri-

bution) are 0.77 and 0.81, respectively. The Cvnet
e1

distribution is shifted to larger values of scaled flux

control coefficients compared with case (i). Specifi-

cally, in case (ii), Q0:2 ¼ 0:59 and Q0:8 ¼ 0:96. The

mean and median of the calculated Cvnet
e1

distribution

approach the Cvnet
e1

values determined by Cronwright

et al. (2002) (see Fig. 4). The Cvnet
e1

of 0.6 obtained by

Blomberg and Adler (1989) is within the 20–80 %

quantile range of the present study. Hence, in most of

the simulated states, the pathway flux is primarily

controlled by glycerol-3-phosphate dehydrogenase.

The variation in flux control between cases (i) and (ii)

may be attributed to combining the explicit scaled

elasticity expressions with uniform sampling of the

degrees of saturation of active sites in the latter case. In

the kinetic model of Cronwright et al. (2002), the

scaled flux control coefficients were evaluated from

specific enzyme rate laws. In our study, the scaled

elasticity expressions were derived from the conve-

nience rate law, but are generally similar to those of

Cronwright et al. (2002). Therefore, in case (ii), our

model might yield similar dynamical behavior to

Cronwright et al.’s model (2002). Both models suggest

a larger flux control of glycerol-3-phosphate dehydro-

genase than was obtained by Blomberg and Adler

(1989). Moreover, this result suggests that the simu-

lated flux control of the pathway enzymes is sensitive

to the details of the enzyme kinetics. A similar result

was reported by Wang et al. (2004).

Conclusions

We have performed a coupled thermodynamic and

flux control analysis of the glycerol biosynthesis

pathway. The methodology was verified on a well-

studied biosynthetic pathway; namely, glycerol bio-

synthesis in Saccharomyces cerevisiae. Under the

investigated steady-state conditions, glycerol-3-phos-

phate dehydrogenase was found to operate far from

thermodynamic equilibrium. In contrast, glycerol-3-

phosphatase can operate near and far from thermody-

namic equilibrium, and also at intermediate modes.

Our calculated distributions of scaled flux control

coefficients, obtained by combining scaled elasticity

expressions derived from the convenience rate law

with uniform sampling of the degrees of saturation of

active sites, demonstrated a similar flux control trend

to that reported by Blomberg and Adler (1989) and

Cronwright et al. (2002). More precisely, the pathway

flux was chiefly governed by glycerol-3-phosphate

dehydrogenase.

In summary, the applied approach properly pre-

dicted the flux control of glycerol-3-phosphate dehy-

drogenase without a priori knowledge of specific

enzyme kinetic rate laws and parameters. The applied

approach is instead based on stoichiometry and

thermodynamics. Deriving scaled elasticity expres-

sions from the convenience rate law is a promising

alternative option for analyzing pathways with

unknown enzyme kinetics. The resultant information

could improve the experimental design of genetic

engineering of metabolic pathways, especially by

reducing the development time and the number of

experiments. Finally, to fully assess the capability of

the proposed methodology, additional investigation of

other complex biochemical reaction networks is

needed.
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