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Abstract

In order to investigate the influence of cytoskeletal organization and dynamics on cellular biochemistry, a
mathematical model was formulated based on our own experimental evidence. The model couples microtubular
protein(MTP) dynamics to the glycolytic pathway and its branches: the Krebs cycle, ethanolic fermentation, and the
pentose phosphate(PP) pathway. Results show that the flux through glycolysis coherently and coordinately increases
or decreases with increased or decreased levels of polymerized MTP, respectively. The rates of individual enzymatic
steps and metabolite concentrations change with the polymeric status of MTP throughout the metabolic network.
Negative control is exerted by the PP pathway on the glycolytic flux, and the extent of inhibition depends inversely
on the polymerization state of MTP, i.e. a high degree of polymerization relieves the negative control. The stability
of the model’s steady state dynamics for a wide range of variation of metabolic parameters increased with the degree
of polymerized MTP. The findings indicate that the organization of the cytoskeleton bestows coherence and robustness
to the coordination of cellular metabolism.� 2002 Elsevier Science B.V. All rights reserved.
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1. Introduction

The spatio-temporal coordination of cellular
function is a central problem in biology, and lies
at the heart of understanding cell growth, prolif-
eration, differentiation and functional adaptation
toward environmental stimuli. Such coordination
has been recognized in a number of biochemical
processes, including signal transduction, gene
expression, energetics and intermediary metabo-
lism w1–3x.
Two main ideas concerning the organization of

metabolism in cells have emerged in the last few
decades:(i) the concept of metabolic channeling,
in which reactions are facilitated by producty
substrate transfer between closely associated
enzymes(stable or transient enzymatic complexes)
(see w4x, for a review); and (ii) cytoskeleton-
driven modulation of enzymatic fluxes(seew1,2x
for reviews). These two views are not mutually
exclusive; however, a number of points have been
made regarding the compatibility between models.
It has been emphasized that metabolic channeling
would not be favored on the surface of supramo-
lecular structuresw4x and a channeling complex
cannot be predicted on the basis of binding data
for several single enzymes. Two glycolytic
enzymes, aldolase and PFK, individually bind to
different domains of microtubules, but the forma-
tion of a complex between aldolase and PFK
would preclude their binding to microtubulesw5x.
It has been shown that substantial increases in

flux through chains of 1–3 enzymatic components
may be achieved in the presence of microtubular
protein w1,6,7x. However, the enhancement of flux
depends on several factors, as follows:(i) the
concentration of microtubular protein;(ii) the
presence, for some enzymatic reactions, of micro-
tubule associated proteins(MAPs) apart from tub-
ulin, and (iii ) the polymerization state of
cytoskeletal proteins. Moreover, the type of cyto-
skeletal protein is also relevant, since there is
evidence that certain enzymatic reactions are inhib-
ited when incubated in the presence of F-actin,
contrary to the actions of polymerized MTP
w1,2,7x.
Cytoskeletal dynamics play a crucial role in

sensing and responding to osmotic stressw2,8,9x.

In this regard, the cellular metabolic response to
hormones such as insulin and glucagon depends
on cell volume: swollen cells synthesize protein
and glycogen, whereas shrunken cells catabolize
these substancesw8,9,15x. Cues associated with the
spatial organization and orientation of cytoplasmic
macromolecular assemblies are likely to regulate
differential gene expressionw10,11x, signal trans-
duction pathwaysw12,13x, metastatic potential
w14x, and metabolic fluxesw2,6–8,15–19x.
Microtubules, actin microfilaments and inter-

mediate filaments represent an enormous protein
surface in the cell. When calculated from the
known size, shape, and concentration of the naked
cytoskeleton, an estimate of 3000mm of surface2

area is obtained for a typical mammalian cell in
culture w20x. The cytoskeleton provides an inter-
face for binding a variety of proteins and enzymes.
The binding affinity depends on several factors,
including phosphorylation statusw21–23x, the pres-
ence of other proteins(e.g. MAPS,w1,6x), or the
enzymatic activity of the proteinw5,6x. Further-
more, protein binding also affects MT dynamics
(seew1,2,13,19x for reviews).
Although a large amount of work has been done

on the interactions between glycolytic enzymes
and cytoskeletal proteins(w24,25x, see w1x for a
review), much less is known about the conse-
quences of these interactions on the integrated
fluxes through enzyme-catalyzed steps, or on sig-
nal amplification and transduction pathwaysw19x.
Thus, the present work seeks to determine how
the organization and dynamics of the tubulin cyto-
skeleton influences the biochemistry of living cells.
More specifically, through mathematical modeling
based on experimental evidence obtained in yeast,
we address the question of whether the degree of
microtubule polymerization affects the metabolic
network through the glycolytic pathway, andyor
its branches toward the pentose phosphate cycle,
the TCA cycle and ethanol fermentation. The main
finding shows that coherence and robustness are
the two main features bestowed by the cytoskele-
ton to the modulation of the metabolic network.
In this context, coherence means the integration of
diverse elements and activities to produce a con-
sistent response, whereas robustness refers to
enhanced stability in the steady state dynamic
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behavior of the metabolic network during varia-
tions in parametric conditions.

2. The mathematical model

2.1. Modeling microtubular protein dynamics and
enzyme kinetics

2.1.1. Experimental background
In vitro studies. Experimental work done in

vitro w1,2,6,7x showed that the presence of either
polymerized or non-polymerized microtubular pro-
tein (MTPstubulinqmicrotubule associated pro-
teins, or MAPs) differentially modulate metabolic
fluxes through the enzyme couples hexokinasey
glucose 6-phosphate dehydrogenase(HKy
G6PDH) and pyruvate kinaseylactate
dehydrogenase(PKyLDH). The fluxes sustained
through HKyG6PDH or PKyLDH enzymatic cou-
ples may be easily followed by NADPH produc-
tion or NADH oxidation, respectively.
To assess the effect of polymerized or non-

polymerized MTP, both enzymatic couples were
assayed with different concentrations of MTP in
the presence or in the absence of 2 mM GTP,
respectively w6x. Under the assay conditions in
vitro, the kinase in the enzymatic couple HKy
G6PDH was in excess with respect to G6PDH,
and thus the flux was proportional to the activity
of the latter enzyme. In the PKyLDH system, the
dehydrogenase was in excess; the flux then reflect-
ed the PK activityw6,7x.
The effects of MTP concentration(polymerized

or non-polymerized) on G6PDH or PK kinetics
were assessed in two different ways:(i) by chang-
es in the global flux sustained by the enzymatic
couple through continuous monitoring of NADPH
production or NADH oxidation, and(ii) by ana-
lyzing the initial velocity of the enzyme as a
function of the enzyme’s substrate(NADP or PEP)
at fixed concentrations of polymerized or non-
polymerized MTP in the stimulatory range.
The interaction of the enzymes with the micro-

tubular lattice was investigated as followsw6,7x:
(i) MTP was polymerized(37 8C for 30 min,
monitored at 340 nm) in the presence or absence
of the enzymatic couples, subsequently ultracentri-
fuged at 40 000=g for 2 h, and the pellet and

supernatant analyzed for enzymatic activity; and
(ii) tubulin and MAPs were separated through a
phosphocellulose column and tested for their
effects on the enzymatic couples both separately
or with reconstitutionw6x.
These experimental approaches allowed us to

establish the following facts:(i) HKyG6PDH flux
depended on the soluble, rather than polymerized,
components of MTP; and(ii) the flux activation
observed through the PKyLDH couple was medi-
ated by the thermolabile MAPs component of the
microtubular latticew1,6,7x; and (iii ) the presence
of polymerized MTP induced an increase in co-
operativity and theV of PK w6,7x. Based onmax

these findings, we proposed and tested by mathe-
matical modeling that PK may exist in two differ-
ent oligomerization forms, i.e. tetramer and
pentamer, with higher activity for the pentamer
w7,17x. It was experimentally shown that MAPs
might displace the equilibrium of PK oligomers
from tetramers to pentamersw2,17x. The interaction
of G6PDH and PK with MTP was suggested to
be mediated by electrostatic interactionsw6,26x. A
similar scheme was proposed for the interaction of
MAPs and PKw1,6x.

In situ studies. We further investigated whether
our results obtained in vitro had a cellular correlate
by permeabilizing yeast cells and studying the
sensitivity of G6PDH and PK kinetics to micro-
tubule disassembly. The yeastSaccharomyces cer-
evisiae is a single-celled eukaryote that contains
tubulin and actin in its cytoskeleton and can be
easily permeabilized, providing an experimental
tool for the intracellular assay of enzymes
w6,27,28x. Nocodazole, which interferes with
microtubule assembly, was used to determine if
enzyme kinetics were influenced by microtubule
assembly. The expected disassembly of microtu-
bules induced by nocodazole was confirmed by
direct immunofluorescence visualization of tubu-
lin-containing structuresw6x. The substrate depend-
ence of PK or G6PDH rates was influenced in a
manner similar to the in vitro results by microtu-
bule polymerization(in the presence of taxol) or
depolymerization(in the presence of nocodazole).
Some quantitative differences in the kinetic para-
meters of both enzymes were noted in situ with
respect to the in vitro dataw2,6x.
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Fig. 1. A scheme of the metabolic network, the cycle of assem-
bly–disassembly of MTP, and their interactions upon which the
mathematical model is based. The cycle of assembly–disas-
sembly of MTP is missing in the model in the absence of MTP.

Thus, according to the experimental data
obtained in vitro and in situ, we concluded that
the dynamics of cytoskeleton and enzymatic reac-
tions are regulated by the concentration of cyto-
skeletal protein; the local concentration of
substrates, enzymes, or effectors; and the poly-
meric status of cytoskeletal componentsw1,2,19x.

In vivo studies. The control analysis of glyco-
lysis and the branches towards the TCA cycle and
ethanol production, was previously elucidated in
chemostat cultures of the yeastS. cerevisiae
w29,30x. The matrix method of Metabolic Control
Analysis was applied according to the rate expres-
sions of each of the enzymes in the model, the
levels of ATP, ADP, AMP, NAD, G6PqF6P, FdP,
DHAPqG3P, 2PG, PEP, Pyr, and the main meta-
bolic fluxes (O and glucose consumption, CO2 2

and ethanol production) determined in three dif-
ferent steady states for the wild-type yeast and
three isogenic mutants for catabolite repression
w30,31x. These studies were performed in chemos-
tat cultures under aerobic conditions in the pres-
ence of glucosew30–32x.

2.2. Theoretical background

2.2.1. Glycolysis and the branches toward ethanol
fermentation, the TCA cycle and the pentose phos-
phate pathways
The mathematical model of glycolysis utilized

in the present work essentially consists of the steps
depicted in Fig. 1. Briefly, the first two steps of
the pathway are the sugar transport and HK(Fig.
1). Since the sugar transport step takes into
account its inhibition by G6P, the inhibitory con-
stant of G6P and the transmembrane glucose gra-
dient are important parameters in the model(Fig.
1; Tables 1 and 2) w30x. The branch from G6P to
the pentose phosphate(PP) pathway, catalyzed by
G6PDH, is also considered. Since the enzymes
phosphoglucose isomerase(PGI), phosphoglycero
mutase(PGM) and enolase operate near equilib-
rium under intracellular conditions, they were not
included in the model. Thus, the reactions cata-
lyzed by these enzymes were lumped with the
next reaction steps in the pathway, i.e. PGI with
PFK and PGM and enolase with PK. In the case
of PGI, the experimentally determined F6P con-

centration was added to G6Pw30x. The branch
leading to ethanol formation corresponds to
lumped steps between the pyruvate decarboxylase-
alcohol dehydrogenase, while the branch leading
to the TCA cycle represents the pyruvate dehydro-
genase-TCA cycle and oxidative phosphorylation
w29x.
ATP-consuming reactions related to pathways

other than glycolysis were lumped in a general
ATP-sink reaction. ATP was the only nucleotide
considered as a state variable whereas NAD,
NADH and AMP concentrations are parameters in
our modelw29x.

2.2.2. The interaction and regulation of glycolytic
enzymes and G6PDH by MTP
The equations that describe the MTP polymeri-

zation–depolymerization assume that tubulin may
exist in three forms, polymerized(C ); non-poly-P

merized, bound to GTP(C ); or non-polymerized,T

bound to GDP(C ) (Fig. 1) w1,6,17,33,34x. AD

conservation equation relates the three forms of



217
M

.A
.

A
on,

S.
C

ortassa
/

B
iophysical

C
hem

istry
97

(2002)
213–231

Table 1
Model equations

Model equations: rate expressions

G GoIN INV sV ymax B E B EG6P G6PG GC F C FŽ . Ž .K qG 1q K qG 1qin o ine eD G D GK Kin in (1)
1HK HKV sVmax G ATP G ATPB EK K K Ks m m mC F1q q q

D GG ATP G ATP (2)
n1y1( )B EG6P ATP G6P ATP G6P ATP

C Fg 1q q qgr rG6P ATP G6P ATP G6P ATPD GK K K K K Kr r r r r rPFK PFKV sVmax n1B Ec AMPAMP1qn1 AMP n1B E B EG6P ATP G6P ATP K c G6P c ATP c G6Pc ATPr G6P ATP G6P ATPC F C F1q q qg qL 1q q qgr 0 tG6P ATP G6P ATP G6P ATP G6P ATPC FD G D GK K K K AMP K K K Kr r r r r r r r1q AMPD GKr (3)
G6PDHV s

G6PDH G6PDH II( )V Vmax maxq
B E B EK K K K K K9 K K K9 K9 K K K K K K9G6P NADP G6P NADP G6P NADP TUB G6P NADP NADP TUB G6P TUB TUB G6P NADPC F C Fq q q1 q q q q q q q1
D G D GG6P NADP G6P NADP G6P NADP TUB G6P NADP NADP TUB G6P TUB TUB G6P NADP (4)

where TUBsC qCT D

FDP G3PALD ALD r( )V yVmax maxFDP G3PK Km mALDV s
B EFDP G3P
C F1q qFDP G3PD GK Km in (5)

GAPDHVmaxGAPDHV s
B EB E B EB EK K AMP ADP ATP K K NADH AMP ADP ATPG3P NAD G3P NADC F C FC FC F1q q 1q q q q 1q 1q q qNADHD G D GD GG3P NAD K K K G3P NAD K K K KD G1 2 3 i 1 2 3 (6)
PGKV DPGmaxPGKV s DPGŽ .K qDPGm (7)
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Table 1(Continued)

Model equations: rate expressions

nB Ec FDPFDP1q FDPK FDP c PEPc ADPr PEP ADPPK ny1g TtFDP PEP ADPC FPEP ADP FDP K K Kr r rPK ny1 PKg R qL 1qr oPK PEP ADP FDPD GV K K Kmax r r rPKV s nB EK c FDPpH FDP1q 1qq FDPH Krn PK nR qL To C FFDP
1q FDPD GKr (8)

being
PEP ADP PKRs1q q qgrPEP ADPK Kr r

PEP ADP
PEP ADPK Kr r

c PEP c ADPPEP ADP PKTs1q q qgtPEP ADPK Kr r

c PEPc ADPPEP ADP

PEP ADPK Kr r

with
PKPPK PKt PKp PKtŽ .V sV q V yVmax max max maxCPK

and
PKPns4q
CPK

TCA 2V PymaxTCAV s Py 22Ž .K qPym (9)

ADHV PymaxADHV s PyK9 qPym (10)

ATPase ATPV sK ATP (11)

Conservation relations:
C sATPqADPqAMPn (12)
C sC qC qCMTP D T P (13)
C s PK q PKPK T P (14)

Ordinary differential equations :*

dG IN HKsV yV
dt (15)
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Table 1(Continued)

Model equations: rate expressions

dG6P HK PFK G6PDHsV yV yV
dt (16)

dFDP PFK ALDsV yV
dt (17)

dG3P ALD GAPDHs2V yV
dt (18)

dDPG GAPDH PGKsV yV
dt (19)

dPEP PGK PKsV yV
dt (20)

dPy PK TCA ADHsV yV yV
dt (21)
dATP HK PFK PGK PK TCA ATPsyV yV qV qV qPOV yV
dt (22)

dPKPs0.1k PK C yk PK yk PK GTPp2 T P p3 P 4 Pdt (23)
dCT 2Ž .syk C C yk C yk C GDPpol T P f D b Tdt (24)
dCP 2Ž .sk C C yk Cpol T P dp Pdt (25)

In the model in the absence of MTP, Eqs.(23–25) do not take part of the system. All PK is considered to be in its tetrameric state, thus the corresponding*

andn take the values of the tetrameric form of the enzyme(see also Eq.(8) and Table 2).PKVmax
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Table 2
Parameters and variables of the model studied.

Name Description(units) Eq. Value Ref.a

INVmax Maximal rate of glucose uptake(IN) (mM min )y1 1 10.0 1, 2
GKin Michaelis–Menten constant of glucose transport(mM) 1 0.001 1, 2
eKin Inhibition constant of transport by G6P(mM) 1 12.0 1, 2

Go Extracellular glucose concentration(mM) 1 1.0 1, 2
HKVmax Maximal rate of hexokinase(HK) (mM min )y1 2 13.0 1, 3, 4
ATPKm Michaelis–Menten constant of HK for ATP(mM) 2 0.1 1, 3, 4
GKs Michaelis–Menten constant of HK for glucose(mM) 2 0.0062 1, 3, 4
GKm Michaelis–Menten constant of HK for glucose(mM) 2 0.11 1, 3, 4
PFKVmax Maximal rate of phosphofructokinase(PFK) (mM min )y1 3 30.0 1, 3, 4
G6PKr Microscopic dissociation constant of G6P in the R state(mM)b 3 1.0 1, 3, 4, 8, 9
ATPKr Microscopic dissociation constant of ATP in the R state(mM) 3 0.06 1, 3, 4, 8, 9
AMPKr Microscopic dissociation constant of AMP in the R state(mM) 3 0.025 1, 3, 4, 8, 9

Lo Equilibrium constant for the RlT transition 3 25 000 1, 3, 4, 8, 9
cG6P Ratio of the microscopic dissociation constantsK yK with respect to G6PbR T 3 0.0005 1, 3, 4, 8, 9
cATP Ratio of the microscopic dissociation constantsK yK with respect to ATPR T 3 1.0 1, 3, 4, 8, 9
cAMP Ratio of the microscopic dissociation constantsK yK with respect to AMPR T 3 0.019 1, 3, 4, 8, 9
n1 Number of PFK subunits(protomers) and homologous ligand binding sites 3 2 1, 3, 4, 8, 9
Gr Affinity coefficient for the substrates at the R state 3 10 1, 3, 4, 8, 9
G6PDHVmax Maximal rate of G6PDH from the MTP independent term(mM min )y1 4 1.6 5, 6
G6PDH II( )Vmax Maximal rate of G6PDH from the MTP-dependent term(mM min )y1 4c 1.0 5, 6

KG6P Kinetic constant of G6PDH on G6P(mM) 4 0.05 5, 6
KNADP Kinetic constant of G6PDH on NADP(mM) 4 0.05 5, 6
KTUB Kinetic constant of G6PDH on soluble MTP(TUB) (mM) 4 0.4 5, 6
K9NADP Kinetic constant of G6PDH on NADP(mM) 4 0.05 5, 6
TUB Refers to the sum of the non-polymeric(soluble) forms of microtubular proteinsC qC (mM)D T 4 5, 6
NADP Concentration of the oxidized form of NADP(mM) 4 1.0 5, 6
ALDVmax Maximal rate of aldolase(ALD) in the sense of G3P(mM min )y1 5 2.5 1, 3, 4
ALD r( )Vmax Maximal rate of ALD in the sense of FDP(mM min )y1 5 1.0 1, 3, 4
G3PKm Michaelis–Menten constant of ALD for G3P(mM) 5 20.0 1, 3, 4
FDPKm Michaelis–Menten constant of ALD for FDP(mM) 5 0.5 1, 3, 4
GAPDHVmax Maximal rate of Glyceraldehyde 3-P dehydrogenase(GAPDH) (mM min )y1 6 10.0 1, 3, 4

KG3P Kinetic constant of GAPDH for G3P(mM) 6 0.0025 1, 3, 4
KNAD Kinetic constant of GAPDH for NAD(mM) 6 0.18 1, 3, 4
NADHKi Inhibition constant of G6PDH for NADH(mM) 6 0.0003 1, 3, 4

NAD NAD concentration(mM) 6 1.0 1, 3, 4
NADH NADH concentration(mM) 6 0.01 1, 3, 4
K1 Kinetic constant of GAPDH for AMP(mM) 6 1.1 1, 3, 4
K2 Kinetic constant of GAPDH for ADP(mM) 6 1.5 1, 3, 4
K3 Kinetic constant of GAPDH for ATP(mM) 6 2.5 1, 3, 4
PGKVmax Maximal rate of PGK(mM min )y1 7 3.0 1, 3, 4
DPGKm Michaelis Menten constant of PGK for DPG(mM) 7 0.002 1, 3, 4
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Table 2(Continued)

Name Description(units) Eq. Value Ref.a

PKtVmax Maximal rate of PK tetrameric form(mM min )y1 8 25.0 5, 6, 7
PKpVmax Maximal rate of PK pentameric form(mM min )y1 8 50.0 5, 6, 7

KpH Equilibrium constant for acid dissociation of PK 8 9.5=10y9 1, 3, 4
Hq Proton concentration(mM) 8 3.2=10y8 1, 3, 4
PKgr Affinity coefficient for the substrates at the R state 8 0.1 1, 3, 4, 8, 9
PKgt Affinity coefficient for the substrates at the T state 8 1.0 1, 3, 4, 8, 9
PEPKr Microscopic dissociation constant of PEP in the R state(mM) 8 1.0 1, 3, 4, 8, 9
ADPKr Microscopic dissociation constant of ADP in the R state(mM) 8 0.06 1, 3, 4, 8, 9
FDPKr Microscopic dissociation constant of FDP in the R state(mM) 8 0.025 1, 3, 4, 8, 9
PKLo Equilibrium constant for the RlT transition 8 1,000 1, 3, 4, 8, 9

cPEP Ratio of the microscopic dissociation constantsK yK with respect to PEPR T 8 0.02 1, 3, 4, 8, 9
cADP Ratio of the microscopic dissociation constantsK yK with respect to ADPR T 8 1.0 1, 3, 4, 8, 9
cFDP Ratio of the microscopic dissociation constantsK yK with respect to FDPR T 8 0.01 1, 3, 4, 8, 9
n Number of PK subunits(protomers) and homologous ligand binding sites 3 4 1, 3, 4, 8, 9
TCAVmax Maximal rate of the TCA cycle(mM min )y1 9 10.0 1, 3, 4
PyKm Kinetic constant of the TCA cycle for Py(mM) 9 0.329 1, 3, 4
ADHVmax Maximal rate of the pyruvate decarboxylase–alkohol dehydrogenase catalyzed branch(ADH) (mM min )y1 10 0.5 1, 3, 4
PyK9m Kinetic constant of ADH for Py(mM) 10 0.169 1, 3, 4

KATP Kinetic rate constant of ATPase(min )y1 11 5.0 1, 3, 4
Cn Total concentration of adenine nucleotides(mM) 12 9.0 1, 3, 4
AMP AMP concentration(mM) 12 0.5 1, 3, 4
CMTP Total concentration of microtubular protein(mM) 13 0.9 5, 6, 7
CPK Total concentration of PK(mM) 14 0.01 5, 6, 7
PO Stoichiometry of ATP production in TCA cycle and respiration 22 4.0 1, 3, 4
kp2 Rate constant of PKt and PKp interconversion(mM min )y1 y1 23 10.0 5, 6, 7
kp3 Rate constant of PKt and PKp interconversion(min )y1 23 0.05 5, 6, 7
k4 Rate constant of PKt and PKp interconversion(mM min )y1 y1 23 0.02 5, 6, 7
GTP GTP concentration(mM) 23 0.95 5, 6, 7
GDP GDP concentration(mM) 24 0.05 5, 6, 7
kpol Rate constant of MTP polymerization(mM min )y2 y1 24 10.0 5, 6, 7
kf Rate constant of GTP binding to TUB(min )y1 24 3.0 5, 6, 7
kb Rate constant of GTP hydrolysis by TUB(mM min )y1 y1 24 2.5 5, 6, 7
kdp Rate constant of MTP depolymerization(min )y1 25 0.0025 5, 6, 7

1. w30x; 2. w43x; 3. w29x; 4. w44x; 5. w6x; 6. w1x; 7. w7x; 8. w45x; 9. w46x.a

G6P and F6P are considered to equilibrate rapidly assuming that phosphoglucoisomerase is fast enough.b

In the model without interaction with MTP, the term containing this parameter in Eq. 4 annihilates.c
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MTP wEq. (13)x. The mathematical modeling of
MTP assembly–disassemblywEqs. (24,25)x was
tested by simulation of polymerization kinetics
under in vitro conditionsw6,7x.

2.2.3. Pyruvate kinase
The activation mechanism of PK by MTP was

modeled taking into account that MTP promoted
an increase in the degree of co-operativity exhib-
ited by the enzyme. This change in co-operativity
favored the idea that, in the presence of either
polymerized- or non-polymerized-MTP, the aver-
age degree of self-association increased together
with the maximal activity of the enzymew6,7x. A
partial model of the interaction between the micro-
tubular lattice with PK, favoring the formation of
enzymatic states of higher oligomerization, was
previously developedw1,6,17x. In the presence of
MTP, PK may exist as a tetramer(T) or pentamer
(P). The proportion of P depends on the polymeric
status of MTP, with a higher for P than TPKVmax
(see Eqs.(8) and (23) in Table 1) w1,6,17x. The
coupling with the polymeric status of MTP is
realized through the term of P formation that is
proportional to the amount of polymerized MTP,
C , with 0.1 as the proportionality constant thatP

accounts for the fact that MAPs represent 10% of
total MTP wEq. (23)x w6x.

2.2.4. Glucose 6 phosphate dehydrogenase
The modeling of G6PDH kinetics takes into

account the effects exerted by MTP as described
in Section 2.1.1 above. Briefly, the rate expression
of G6PDH comprises MTP-dependent and -inde-
pendent termswEq. (4)x. The soluble component
of MTP (i.e. not participating in the microtubular
lattice) could account for the activation of the flux
through this enzyme that does not interact strongly
or permanently with the assembled MTPw6x. This
was assessed by the ability of the rate expression
of G6PDH to fit the experimental dataw6x. The
maximal initial rates of G6PDH utilized in the
model, were those obtained experimentally in the
absence or the presence of MTP.

2.3. Model formulation

Fig. 1 shows a scheme of the metabolic network,
the cycle of assembly–disassembly of MTP and

their links. The metabolic network represents gly-
colysis and the branch toward the PP pathway,
TCA cycle and ethanol production in the yeastS.
cerevisiae. The model behavior was simulated
through a set of 11 ordinary differential equations
(ODEs 15–25 in Table 1) and conservation rela-
tions wEqs.(12–14) in Table 1) whose parameter
values are described in Table 2. Three of the state
variables of the model concern the polymeric status
of MTP, namely the equations describing the evo-
lution of polymerized, C , and non-polymerized,P

C , MTP, and the dynamics of oligomerization ofT

PK (between tetrameric and pentameric forms)
wEqs.(23–25)x.

2.4. Parameter optimization and simulation con-
ditions of the mathematical model

The individual rate laws described by Eqs.(1–
11) were derived from the enzyme kinetics in
vitro. The kinetic constants were taken from the
literature as indicated in Cortassa and Aonw29,30x.
However, we have optimized theV of each ratemax

equation so as to reproduce experimental data
obtained at steady states achieved byS. cerevisiae
in our chemostat culturesw30,32x. Three criteria
were chosen to perform a parameter optimization:
(a) the system of ODEs should attain a steady
state; (b) the flux through glycolysis should be
equal to the experimentally measured flux of
glucose consumption; and(c) the metabolite levels
should match the experimentally determined steady
state concentrations. In our hands, it was seen that
V rather thanK values were the most sensitivemax m

to the optimization procedure, suggesting that the
former could be more affected by differences
between in vitro and in vivo data.

2.5. Metabolic control analysis (MCA)

The matrix method of MCAw35,36x was applied
to determine the rate-controlling steps of the flux
and metabolite concentration control coefficients
w29,30x. The metabolite concentrations at each
steady state were introduced into the derivatives
of the rate equations with respect to each metab-
olite concentration, in order to calculate the elas-
ticity coefficients for constructing the
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corresponding matrixE. The inversion of matrix
E results in the matrix of control coefficients C,
whose first column contains the flux control coef-
ficients. The matrixE was inversed using standard
mathematical software(e.g. Maple, Matlab,
Mathematica).

2.6. Dynamic bifurcation analysis (DBA)

Dynamic bifurcation theory permits analysis of
the qualitative dynamic behavior of any system of
equations in terms of type and stability of the
steady states exhibited when a parameter(called a
bifurcation parameter) is varied w1,37–39x. This
characterization produces a bifurcation diagram
(see, e.g. Fig. 2). The parameter values for which
the stability properties change(e.g. from stable to
unstable steady states) are called bifurcation
points. A visualization of the ensemble of steady
states and the localization of the bifurcation points
may be obtained with DBA. We applied DBA
based on the numerical analysis of ordinary differ-
ential equations(ODEs) that was performed with
AUTO, a software designed for continuation and
bifurcation analysis of ODEs that can be applied
to the study of non-linear systemsw39x. The
numerical procedure used by AUTO is based on
an analysis of the Jacobian of the system with a
Newton chord method and the following is com-
puted:(i) branches of solutions of stable or unsta-
ble steady states, either asymptotic or periodic;
(ii) evaluation of the eigenvalues and accordingly
the stability of such branches;(iii ) location of
bifurcation points, limit points, Hopf bifurcation
points and computation of the bifurcating branches
w39x.

2.7. A numerical approach for control analysis of
metabolic networks

The description of a particular network of reac-
tions or processes implies the characterization of
all possible steady states that may be attained by
this particular networkw1x. DBA makes possible
the analysis of the steady state of a system contin-
uously as a function of a bifurcation parameter.
Thus, as an alternative to the matrix method of
MCA, the flux or concentration control coefficients

can be obtained straightforwardly from the first
derivative of bifurcation diagrams plotted in dou-
ble logarithmic form. Otherwise stated, the slope
of the log–log form of the bifurcation diagram
allows a graphical and ready estimate of the control
exerted on the flux or a metabolite concentration,
by a parameter under studyw1x.

3. Results

In order to seek whether the degree of cytoske-
leton polymerization could exert systemic effects
on the glycolytic flux, we attempted to change the
relative level of polymerized to non-polymerized
MTP. The rate constants of MTP depolymerization,
k , or polymerization,k , were varied in orderdp pol

to achieve different levels of polymerized MTP,
C . With this rationale in mind we sought toP

unravel whether the extent of polymerization of
MTP could affect the dynamics of the whole
metabolic network.

3.1. Effects of the polymeric status of MTP on the
glycolytic flux

3.1.1. Shifting the control of the flux partition
between pathways
We performed stability and bifurcation analyses

of the mathematical model as a function of para-
meters related with the dynamics of assembly–
disassembly of MTP. The level of polymerized
MTP, C , was changed through variation of theP

rate constantk . Fig. 2 shows the flux ratio ofdp

glycolysis over the PP pathway, and some selected
fluxes through individual enzymatic steps(Fig.
2b) and metabolite concentrations(Fig. 2a), at
different levels of the metabolic network, as a
function of the rate of microtubules depolymeri-
zation,k .dp
The change ink brings about changes in thedp

rates and metabolites concentration throughout the
network (Fig. 2a,b). Phase plane analysis shows
that the flux through glycolysis increases with
higher levels of C (Fig. 2c). Similar results wereP

obtained when the behavior of the system was
analyzed as a function of the rate constant of MTP
polymerization,k (Fig. 2c, inset). Concomitantpol

to the global flux modulation, the steady state
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Fig. 2. Stability and bifurcation analyses of the mathematical model as a function of the depolymerization,k , and polymerization,k , constants of MTP. The steadydp pol

state behavior and stability of the mathematical model, as well as the existence of bifurcation points, were analyzed as a function of parameters related with the
assembly–disassembly of MTP. In c and d, the main panels show the results obtained through variation ofk whereas the insets correspond to the simulationsdp

performed withk . Also shown is the steady state behavior of metabolite concentrations as state variables of the model(a) and the fluxes through individual enzymaticpol

steps as functions of state variables(b). For the sake of clarity only some metabolites and fluxes are represented, placed at different levels of the metabolic network.
Also depicted are the phase plane analyses of the glycolytic flux as a function of the level of polymerized MTP, C(c), or ATP concentration(d). The insets belongP

to the results obtained with model simulations as a function ofk and the axis correspond to the same variables and units as in main panels. The model parameterspol

are shown in Table 2.
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Fig. 3. Metabolic control analysis of the model. The matrix
method of MCA was applied. Shown are the flux(a) and the
ATP concentration(b) control coefficients of the steps indi-
cated in abscissas, obtained with the set of parameters indicated
in Table 2. The values ofk were 8.05 and 10.0 mMy2

pol

min , whereask s1.12 and 0.022 min , for low and highy1 y1
dp

C levels, respectively.P

concentration of metabolites also changed system-
ically (Fig. 2a). Particularly, the glycolytic flux
and ATP co-varied either whenk or k weredp pol

changed(Fig. 2d, see also inset). That the altera-
tions induced by the polymeric status of MTP on
the metabolic network were systemic was con-
firmed by varying individual kinetic parameters of
enzymes coupled to MTP dynamics such as PK.
In the latter case, only local changes in the level
of metabolites(i.e. PEP) affected by the enzyme
activity were observed(results not shown).
At high rates of microtubule depolymerization,

the system bifurcates, as revealed by the existence
of limit points giving rise to unstable branches of
steady states either of metabolites or enzymatic
rates(Fig. 2a,b, dashed lines).
Taken together, these results are in agreement

with a coherent, coordinated, modulation of the
glycolytic flux exerted by the tubulin cytoskeleton
through its degree of polymerization. In order to
unravel the mechanism of this effect, we applied
MCA at high (99% of the total pool of MTP,
C ) or low (45% of the total pool of MTP,MTP

C ) levels of polymerized MTP. The main ques-MTP

tion is whether the structure of control of the
pathway changes depending on the degree of
polymerization of the cytoskeleton. The results
obtained are shown in Fig. 3. Glucose uptake, HK
and the PP pathway branch are the main rate-
controlling steps(the two former are positive and
the latter negative) either at high or low levels of
C . High levels of the polymer decrease the neg-P

ative control exerted by the branch to the PP
pathway over glycolysis, thus allowing higher
fluxes through the network(Fig. 3a). The latter
explains why the glycolytic flux increases with
increasing degree of polymerization of the tubulin
cytoskeleton(Fig. 2c). Thus, the polymeric status
of MTP may exert its modulation of the metabolic
flux through shifting the flux partition between
pathways at branch points.
Panel(b) of Fig. 3 shows that the concentration

of ATP is controlled by the main rate-controlling
steps of the flux. In fact, the ATP concentration,
as a ‘systemic’ variable, i.e. implied in several
steps of the network, is controlled positively by
the uptake, HK, PFK and the branch to the TCA
cycle, and negatively by the branch to the PP

pathway, the ATPase and the alcohol dehydrogen-
ase-catalyzed step(Fig. 3b). A more even distri-
bution of the control over the ATP concentration
is observed at high amounts of the polymer.

3.1.2. Modulating the control of the PP branch
and increasing the robustness of the metabolic
network behavior
In order to further substantiate and clarify the

modulatory role exerted by the polymeric status of
the tubulin cytoskeleton over the flux control by
the PP pathway on glycolysis, we compared the
behavior of the mathematical model with or with-
out MTP. More specifically, the G6PDH step that
catalyzes the branch toward the PP pathway pos-
sesses two terms, one MTP-dependent character-
ized by , and the other MTP-independent,G6PDH II( )Vmax
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Fig. 4. Stability and bifurcation analyses of the mathematical model as a function of . The steady state behavior andG6PDH II( )Vmax
stability of the mathematical model as well as the existence of bifurcation points were analyzed as a function of in theG6PDH II( )Vmax
presence of high(a,b: 99% of the total pool of MTP,C ) or low (c,d: 45% of the total pool of MTP,C ) C . For clarity, theMTP MTP P

top panels(a,c) only show the concentration of selected metabolites that represent different portions of the metabolic pathway. In
the lower panels(b,d), the flux ratio of aldolase over the PP pathway, , and some fluxes through individual enzymaticALD G6PDHV yV
steps are depicted. The model in the absence of MTP is independent of . The branch of stable or unstable steady states isG6PDH II( )Vmax
indicated with continuous or dashed lines, respectively.

characterized by . Shown comparatively inG6PDHVmax
Figs. 4 and 5 are the bifurcation analyses as a
function of and , respectively, atG6PDH II G6PDH( )V Vmax max

high or low levels of C (Figs. 4 and 5) andP

without MTP (Fig. 5c). With respect to G6PDHVmax
(from the MTP-independent term of G6PDH rate
expression, Eq. 4), the first impression of the
model behavior is that control exerted by the
branch toward the PP pathway, as compared to the
flux through glycolysis(i.e. aldolase;V ), isALD

high and negative(notice the slope in Fig. 5a–c).
However, the degree of polymerization of MTP

modulates the control exerted by the PP branch
over the flux through glycolysis. This is evident
upon inspection of the model behavior with respect
to (from the MTP-dependent term ofG6PDH II( )Vmax
G6PDH rate expression, Eq. 4). More specifically,
high levels of polymerized MTP(99% of the total
pool) drastically reduce the negative control exert-
ed by the PP branch by non-polymerized MTP
(55% of the total pool; see Figs. 4 and 6).
Metabolite levels are not shown in Fig. 5, but
certainly underlie the changes in enzymatic rates
through glycolysis and the PP branch. Essentially,
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Fig. 5. Stability and bifurcation analyses of the mathematical
model as a function of . The steady state stability andG6PDHVmax
behavior of the mathematical model as well as the existence
of bifurcation points were analyzed as a function of inG6PDHVmax
the presence of(a) high (99% of the total pool of MTP) or
(b) low (45% of the total pool of MTP) C , or in the absenceP

of MTP (c). For the sake of clarity, the flux ratio of aldolase
over the PP pathway, , and some fluxes throughALD G6PDHV yV
individual enzymatic steps are depicted. The distinction
between branches of stable and unstable steady states is as
indicated in Fig. 4.

Fig. 6. Flux control analysis obtained from the first derivative
of the double logarithmic representation of bifurcation plots.
The flux control coefficients of the (filled columns)G6PDHVmax
and (empty columns) on the flux through aldolase,G6PDH II( )Vmax

(as a measure of the glycolytic flux), were determinedALDV
from the slopes of the log–log plot of bifurcation diagrams as
a function of or . In the model without MTP,G6PDH G6PDH II( )V Vmax max

the contribution by the term containing in Eq.(4) isG6PDH II( )Vmax
null, so is its control coefficient. The set of parameters is as
indicated in Table 2 and Fig. 2 for high and low C .P

this is due to the fact that the parameters affecting
the rate equations are kept constant except for

.G6PDH II( )Vmax
Another important result shows that high(99%)

levels of C significantly increase the robustnessP

of the metabolic pathway behavior, as can be
judged through the stability exhibited by the model
over a wide range of variation of (Fig.G6PDH II( )Vmax
4) when compared with (Fig. 5) or to theG6PDHVmax
model in the absence of MTP(Fig. 5c). In the
case of , an approximate 60-fold increaseG6PDH II( )Vmax
in the extension of the branch of stable steady
states of metabolite concentrations or fluxes
through individual enzymatic steps is noted at high
(Fig. 4a,b) vs. low C (Fig. 4c,d). Remarkably,P

the model dynamics do not become unstable at
high C , despite a wide variation in G6PDH II( )VP max

(Fig. 4a,b); unlike the behavior observed in the
presence of low C(45%), where limit points areP

detected(Fig. 4c,d).
The robustness of the metabolic network dynam-

ics and the dependence on the polymerization state
of MTP was confirmed by comparing the two
main (positive) rate-controlling steps of glycolytic
flux, glucose uptake and HK, in the presence or
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Fig. 7. Stability and bifurcation analyses of the mathematical
model as a function of . The steady state behavior andPFKVmax
stability of the mathematical model as well as the presence of
bifurcation points were analyzed as a function of in thePFKVmax
presence of(a) high (99% of the total pool of MTP) or (b)
low (45% of the total pool of MTP) C , or in the absence ofP

MTP (c). As in Fig. 5, the flux ratio of glycolysis(i.e. aldol-
ase) over the PP pathway, and some selected fluxes are
depicted.

absence of MTP. Stable behavior of metabolite
concentrations and enzymatic fluxes over the
whole metabolic network were obtained over a
wide range of variation of the maximal velocities
of substrate uptake( ) or conversion by HKINVmax
( ) (results not shown). When the stability andHKVmax
bifurcation properties of the model at high or low
C were analyzed as a function of the maximalP

velocity of PFK (Fig. 7), the highest changes in
flux were observed at relatively low valuesPFKVmax
under all situations studied. For instance, at high
C , one expects major changes in the glycolyticP

flux-controlling properties of the PFK at low
V (given by the slope of at low inALD PFKV Vmax max

Fig. 7a), and indeed, the flux control coefficients
for the low range of values(0.4–1.0 mMPFKVmax
min ) were in the range of 0.7–0.95, whereas aty1

high (s30 mM min ) the flux controlPFK y1Vmax
coefficient was only 0.11(see also Fig. 3). Similar
results were obtained for the model behavior in
the complete absence of MTP. However, low CP

levels offered a different picture. In the presence
of low C , the lowest maximal velocity of PFKP

still congruous with stable behavior was 1.6 mM
min , whereas in the case of high C , the minimaly1

P

value attainable was only 0.4 mM min .PFK y1Vmax
This is another indication of robustness conferred
by high (99%) levels of polymerized MTP.

4. Discussion

The main results obtained in the present work
support the notion that the organization and
dynamics of assembly–disassembly of microtubu-
lar protein may modulate the flux of a metabolic
pathway. High levels of polymerized MTP bestow
two main properties to the behavior of glycolysis
and the branch to the PP pathway, TCA cycle, and
ethanolic fermentation(Fig. 1): (i) coherence, as
reflected by the coordinated increase or decrease
of the glycolytic flux induced by an increase or
decrease of polymeric MTP(C ), respectivelyP

(Fig. 2). Essentially, this is explained by the fact
that an increase in C results in lessening of theP

(negative) control exerted by the PP pathway on
the glycolytic flux, allowing its increase(Figs. 3–
6). (ii) Robustness, which is conferred by a sig-
nificant increase in the range of stable steady state

behaviors exhibited by the metabolic network
toward variation of, for example, , whichG6PDH II( )Vmax
catalyzes the branch toward the PP pathway(Fig.
4). Robustness was also evident for the flux-
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controlling properties of PFK, which showed an
MTP-dependent increase in the range of the lowest
maximal velocities attainable by the enzyme(Fig.
7). Such an increase in robustness was induced by
high levels of C —up to 99% of the total MTPP

pool. These two properties, coherence and robust-
ness, clearly explain the changes in metabolite
concentrations and in the rates of enzymatic steps
throughout the metabolic network brought about
by MTP polymerization(Fig. 2).
Previous evidence showed that changes in the

dynamics of tubulin assembly–disassembly may
entrain the dynamics of enzymatic reactions, par-
ticularly PK w1,34x. It was also shown that this
enzyme may alternate(in a bistable switch)
between two oligomeric states(i.e. tetramer–pen-
tamer), in turn entrained by the amount of poly-
merized MTP and MAPsw1,6,17x. Regardless of
the regulatory effects exerted by MTP on PK, this
enzyme does not exert control over the glycolytic
flux, as deduced by bifurcation and metabolic
control analysis. PK only exerts a strong control
over the concentration of its substrate, PEP, as
evidenced by a high elasticity coefficient(results
not shown). In contrast, the finding that when CP
was high, could be lowered without introduc-PFKVmax
ing instability is in agreement with enhanced
robustness conferred by the microtubular cytoske-
leton (Fig. 7). This is a very important trait since
an increase in robustness may allow some nodes
of the metabolic network, e.g. PFK, to retain their
flux-controlling attributes despite drastic changes
in metabolic conditions(Fig. 7; see also text).
The steady state flux of glycolysis, as a function

of the depolymerization constantk , increaseddp

with the level of polymerized MTP(Fig. 2c).
Glycolytic flux increased from 1.95 mM min aty1

33% polymeric MTP, to 2.73 mM min at 99%y1

polymerized MTP; a 40% increase(Fig. 2c). A
smaller increase was obtained when the polymeri-
zation constant, k , was analyzed (a 13%pol

increase; Fig. 2c, inset).
The values of glucose uptake rates used in the

model simulations are of the same order of mag-
nitude of those determined in aerobic, glucose-
limited chemostat cultures of yeastw30,32x. When
yeast cells actively divide, microtubules attain their
maximal degree of polymerizationw40,41x. Fast

growing yeast cells spend most of their time in
the S, G2 and M phases of the cell division cycle
as determined by flow cytometry in chemostat
cultures w31x. In rapidly dividing cells, microtu-
bules are, on average, more polymerized than in
the G1 phase of the cell cyclew40,41x. We found
that the time yeast cells spend in G1 phase decreas-
es exponentially with the growth ratew42x, and
this is coincident with a change in slope of the
glucose uptake ratew31,32x (see Fig. 2c). Taken
together, these results point out that the glycolytic
flux correlates with the polymerization state of the
microtubules, which can be indirectly judged by
the percentage of yeast cells undergoing active
division.
The stability analysis at low and high C showsP

that, as a function of , the metabolicG6PDH II( )Vmax
network bifurcates at limit points only when there
are reduced levels of polymerized MTP(;45%)
(Fig. 4). This observation suggests that the extent
of cytoskeleton polymerization in cells could be
regulated so as to achieve stable behavior under
challenging environmental conditions. After such
limit points, we were not able to find a stable
branch of steady states(see, e.g. Figs. 2, 4 and
5); in other words, the network did not reveal
multiple stationary states. In this state, we would
expect that some other parameters would have to
change or new reactions or mechanisms would
activate for the system to remain stable, a topic
that needs further investigation.
In summary, cytoskeletal organization induces

coherent behavior in a metabolic network at the
level of control of the flux partition between
glycolysis and the PP pathway. Additionally, high
levels of polymerized MTP increase the robustness
of the metabolic network’s steady state dynamics.
These properties add to the plasticity of mass-
energy transforming networks to adapt to changing
environmental conditions without losing stability
while retaining biological function.
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