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Extracellular matrix mass balance is implied in many physiological and pathological events,
such as metastasis dissemination. Widely studied, its destructive part is mainly catalysed by
extracellular proteinases. Conversely, the properties of the constructive part are less obvious,
cellular neo-synthesis being usually considered as its only element. In this paper, we introduce
the action of transglutaminase in a mathematical model for extracellular matrix remodeling.
This extracellular enzyme, catalysing intermolecular protein cross-linking, is considered here
as a reverse proteinase as far as the extracellular matrix physical state is concerned. The
model is based on a proteinase/transglutaminase cycle interconverting insoluble matrix and
soluble proteolysis fragments, with regulation of cellular proteinase expression by the
fragments. Under ‘‘closed’’ (batch) conditions, i.e. neglecting matrix influx and fragment
efflux from the system, the model is bistable, with reversible hysteresis. Extracellular matrix
proteins concentration abruptly switches from low to high levels when transglutaminase
activity exceeds a threshold value. Proteinase concentration usually follows the reverse
complementary kinetics, but can become apparently uncoupled from extracellular matrix
concentration for some parameter values. When matrix production by the cells and fragment
degradation are taken into account, the dynamics change to sustained oscillations because
of the emergence of a stable limit cycle. Transitions out of and into oscillation areas are
controlled by the model parameters. Biological interpretation indicates that these oscillations
could represent the normal homeostatic situation, whereas the other exhibited dynamics can
be related to pathologies such as tumor invasion or fibrosis. These results allow to discuss the
insights that the model could contribute to the comprehension of these complex biological
events. r 2002 Elsevier Science Ltd. All rights reserved.
1. Introduction

The extracellular matrix (ECM) is an insoluble
mesh of various structural and functional
macromolecules encountered in connective
tissues and basement membranes. It constitutes
both a barrier separating organisms into
tissue compartments and a substratum for cell
adhesion (Price et al., 1997). Besides this
*Corresponding author. Fax: +33-134-25-65-52.
E-mail address: hugues.berry@bio.u-cergy.fr (H. Berry).

0022-5193/02/$35.00/0
structural role, the ECM is an essential regulator
of cell physiology, predominantly implied in
morphogenesis, cell survival, cell cycle, cell
migration and tumorigenesis (Basbaum & Werb,
1996). During normal maintenance or
pathological modifications, the ECM undergoes
intense cell-controlled composition changes.
This process, called ECM ‘‘remodeling’’, is
involved in many physiological processes such
as embryogenesis (Hay, 1981; Perris & Perissi-
notto, 2000), immune cell activation (Dustin &
r 2002 Elsevier Science Ltd. All rights reserved.
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de Fougerolles, 2001), reproductive cycles (Hull-
boy et al., 1997), wound healing (Witte &
Barbul, 1997; Davis et al., 2000) or neo-
angiogenesis (Liotta et al., 1991).
Among the pathologies involving abnormal

ECM remodeling, metastasis dissemination
has received highest interest. To disseminate, a
tumor cell must cross several ECM layers
(interstitial ECM, basement membranes beneath
endothelia) that otherwise are impermeable to
most cell types (tissue invasion). To this end,
invasive cells are thought to use specific protei-
nases, among which the most studied are matrix
metalloproteinases (MMPs) and the plasmin/
plasminogen activator pair (for recent reviews,
see Murphy & Gavrilovic, 1999; DeClerck, 2000;
or McCawley & Matrisian 2000). Although
many points still remain unclear (McCawley &
Matrisian 2001), the major rationale is that
proteolysis would disorganize ECM assembly
in a way that makes it permeable to cells.
In agreement with this hypothesis, numerous
ECM-degrading proteinases have been corre-
lated with tumor invasiveness or metastatic
potential (Nakahara et al., 1997; Cockett et al.,
1998). Moreover, knock-out experiments on
proteinase genes (Wilson et al., 1997) or admin-
istration of specific inhibitors (Denis & Verweij,
1997; Duffy & McCarthy, 1998) have further
established the involvement of these enzymes in
tumor dissemination.
Transglutaminase is another extracellular en-

zyme implicated in ECM remodeling that
catalyses the formation of an intermolecular
covalent bond between a glutamine and a lysine
residue of two proteins (Folk et al., 1967).
Despite its involvement in cell adhesion (Corbett
et al., 1997), migration (Akimov & Belkin, 2001;
Belkin et al., 2001) and cancerogenesis (Haroon
et al., 2000; Grigoriev et al., 2001), it has
received considerably less interest than protei-
nases. Yet, transglutaminase is known (and
industrially used) for its ability to modify the
rheological properties of biological media (Nio
et al., 1986; Motoki & Seguro, 1998). Protein
cross-linking enhances viscosity and can lead to
formation of an insoluble gel from a protein
solution. In the ECM also, transglutaminase
contributes to the unsolubilization of the protein
lattice and is accordingly implied in ECM
remodeling (Aeschlimann & Thomazy, 2000).
In other words, whereas proteinases disorganize
the ECM via partial solubilization (Berry et al.,
2000), transglutaminase contributes to reorga-
nizing it, creating insoluble matrix from soluble
fragments.
Cell–ECM interactions form a complex and

nonlinear system that can manifest non-trivial
or emergent properties. Theoretical modeling
is thus an important task in the way to its
understanding. An informative example is the
model of DiMilla et al. (1991), that has predicted
the now widely accepted biphasic dependence of
cell migration speed on ECM adhesiveness even
before it was confirmed by experimental ob-
servation (Palecek et al., 1997).
In this paper, we present a mathematical

model for ECM remodeling balance, that
includes the counteracting actions of transgluta-
minase and proteinase (futile cycle) and some of
the consequences of cell signaling in response to
ECM stimulation. The next section provides a
general description of the model, and presents
the ordinary differential equations of its math-
ematical formulation. Section 3 gives experimen-
tally based variation ranges for the values of
some of the parameters. The model is then
studied in two different cases. In the first
(Section 4), we study the ‘‘closed’’ (batch)
version of the model, i.e. with no ECM or
proteolysis fragment influx or efflux from the
system, and show that in this case, the system
exhibits bistability with accompanying threshold
and memory properties. In the next section
(Section 5), we present the study of the model
in ‘‘open’’ conditions, i.e. with ECM influx and
proteolysis fragments efflux. We show that the
dynamics are profoundly altered, with the
emergence of a limit cycle generating sustained
oscillations of the ECM concentration and
proteinase concentration. Finally, we conclude
with a discussion of application to cell invasion
and more general ECM remodeling in the last
section (Section 6).

2. General Description of The Model

A schematic representation of our model is
shown in Fig. 1. ECM proteins solubilization is
achieved via peptide bonds hydrolysis catalysed
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Fig. 1. Scheme of the proposed model for ECM
synthesis and degradation. Indicated with slanted letters
are the variables representing the concentrations of the
corresponding molecular species. Unsoluble ECM proteins
(m) are produced by cells at constant rate rim and degraded
by proteinases (p) into soluble proteolysis fragments (f ).
Fragments can be cross-linked by transglutaminase (g) or
other intermolecular protein-cross-linking enzyme to yield
back new unsoluble ECM proteins. Fragments are subject
to proteolysis from p and interact with cells to increase
proteinase concentration (positive feedback loop, dashed
arrow). Proteinases themselves undergo autoproteolysis.
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by proteinases. As the nature of the substrate
(ECM proteins) is not specified in our model,
proteinase specificity does not come into con-
sideration. The term ‘‘proteinase’’ thus desig-
nates any ECM proteinase. The reverse reaction
is covalent intermolecular protein crosslinking
and is catalysed by transglutaminase (or any
protein-crosslinking enzyme). Inasmuch as this
reaction contributes to ECM unsolubilization
from soluble protein fragments, transglutami-
nase’ effect on ECM solubility can be considered
as the reverse of proteinase influence. In our
model, proteinases and transglutaminases be-
come the two antagonist catalysts of a futile
cycle between ECM proteins and their proteo-
lysis fragments. Both enzymes are assumed to
display Michaelis–Menten kinetics with kp and
kg as the catalytic constants and KP and KG the
Michaelis constants for proteinase and transglu-
taminase, respectively. Proteinase-catalysed de-
gradation of the fragments is also taken into
account. For simplicity, we assume that the
kinetic constants for this reaction are the same as
those for unsoluble matrix protein proteolysis
(i.e. kp and KP ).
Matrix metalloproteinases are subject to

autoproteolytic inactivation. Autoproteolysis is
usually a multistep process that consists of one
or several enzyme conformational changes. One
of these conformations is a substrate for the
active enzyme (autoinactivation or autoactiva-
tion) or an active form that uses the native
zymogene as a substrate (autoactivation). This
is, for example, the case of the human comple-
ment subcomponent C1r autoactivation (Villiers
et al., 1983; Kasahara et al., 1985) or of the
autocatalytic step of matrix metalloproteinase-2
activation (Atkinson et al., 1995; Will et al.,
1996; Morugovna et al., 1999). For simplifica-
tion, we choose to neglect any conformational
change, and consider autoproteolysis as the
catalytic activity of one enzyme molecule onto
another enzyme molecule. Formally, we treat
this enzyme activity as a Michaelis-type
behavior, with kdeg and Kdeg the catalytic and
Michaelis constants, respectively. Proteinase is
thus both the enzyme and its substrate of
autoproteolytic inactivation. Possible transglu-
taminase deactivation through proteolysis is
omitted, so that transglutaminase concentration
remains constant in our model and is considered
as a parameter.

In vivo, cells perceive and regulate the char-
acteristics of the surrounding ECM using several
membrane receptors that specifically recognize
ECM elements. These receptors provide cells
with responses to ECM physical and chemical
changes by modulating signal-transduction cas-
cades into the cells. These intracellular cascades
control the production of a wide range of
proteins, which, in turn, can modify ECM
or cell physiology (LaFlamme & Auer, 1996;
Yamada, 1997). This so-called ‘‘outside-in’’
signaling thus allows a permanent and bi-
directional dialogue between cells and ECM.
For instance, modulation of proteinase expres-
sion by the cells in response to ECM modifica-
tions has been well documented and is a crucial
event in metastasis dissemination (Liotta et al.,
1991; Werb, 1997; Crowe & Shuler, 1999). In
fibroblasts, proteolysis fragments of fibronectin
(an ECM protein) induce expression and
secretion into the ECM of neo-synthesized
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proteinases, whereas the entire fibronectin
molecule does not (Werb et al., 1989). Fragment
production thus tends to enhance proteinase
concentration and consequently, fragment
concentration, creating an indirect positive
feedback loop.
This is taken into account in our model by

assuming that the rate of proteinase concentra-
tion change partly depends on fragment con-
centration. To describe the effect of proteolysis
fragments on proteinase concentration, we
assumed that many molecular events involved
in this feedback loop may possibly display
ultrasensitive switch-like kinetics (Goldbeter &
Koshland, 1982). For instance, some of the
molecular systems triggering signal transduction
from ECM receptors are kinase/phosphatase
cycles (LaFlamme & Auer, 1996; Bouvard et al.,
1998), which are known to exhibit nonlinear
sigmoid responses to input signals both theore-
tically (Huang & Ferrell, 1996) and experi-
mentally (Bagowski & Ferrell, 2001). More
specifically, the secretion by mammalian cells
of the gelatinase B MMP, in response to phorbol
esters, has recently been shown to be switch-like
both theoretically and experimentally (Marique
& W!erenne, 2001). Accordingly, we assume in
our model a Hill equation for the dependence of
proteinase concentration change on fragment
concentration, with a as the maximum rate, KR

the threshold constant and n the Hill number.
Furthermore, the model also incorporates ECM
production by the cells at a constant rate rim:
Thus, although the presence of cells is not
explicitly included, cellular regulation of the
considered ECM elements is incorporated in the
model.
Designating p; m and f ; the time-dependent

concentrations of proteinase, ECM proteins, and
their corresponding fragments, respectively, and
g; the transglutaminase concentration, we obtain
a set of three ordinary differential equations

dm
dt

¼ �kpp
m

KP þ m
þ kgg

f
KG þ f

þ rim; ð1aÞ

df
dt

¼ kpp
m

KP þ m
� kgg

f
KG þ f

� dkpp
f

KP þ f
;

ð1bÞ
dp
dt

¼ a
f n

Kn
R þ f n

� kdeg
p2

Kdeg þ p
; ð1cÞ

where the parameter d [eqn (1b)] has been added
for convenience: its value is 1 if fragment’s (f )
proteolysis is taken into account, and is 0 in the
other case. The numerator of the second term in
the right-hand side of eqn (1c) (autoproteolytic
inactivation term) contains a p2 term, that
originates from the fact that p represents both
the enzyme and the substrate during autopro-
teolysis, described here as Michaelis–Menten
kinetics.
We then non-dimensionalize the system [eqn

(1)] by normalizing each variable p; g; m and f by
KP and time by 1/kp; and obtain the dimension-
less system

dm
dt

¼ �p
m

1þ m
þ kgg

f
KG þ f

þ rim; ð2aÞ

df
dt

¼ p
m

1þ m
� kgg

f
KG þ f

� dp
f

1þ f
; ð2bÞ

dp
dt

¼ a
f n

Kn
R þ f n

� kdeg
p2

Kdeg þ p
; ð2cÞ

where concentrations (p; g;m; f ;KG;KR and Kdeg)
are in KP units, first-order rate constants (kg and
kdeg) are in kp units, rates (rim and a) are in KP �
kp units and time is in 1=kp units.

3. Parameter Values

Biologically relevant variation ranges for some
parameters of eqn (2) can be stated. kp and KP

have been determined for a variety of ECM
proteinases, especially matrix metallo protei-
nases (MMPs). These kinetic parameters vary
with the substrate and the enzyme, but for
human type-I collagenase (MMP1) on human
collagen substrates, kp can be estimated to vary
between 50 and 500 hr�1 and KP is of the order
of 1mM (Birkedal-Hansen et al., 1993). As far as
transglutaminase is concerned, data from the
literature are not easy to exploit, because the
assumed kinetic mechanism is usually the
bisubstrate ping-pong type, and not the simple
monosubstrate Michaelis one, as it is used in our
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model (Folk, 1967). However, considering the
values obtained, it can be generally stated that
transglutaminases are less active enzymes than
proteinases, but exhibit greater affinities for their
substrates (Chung et al., 1970; Leblanc et al.,
2001). In terms of the dimensioned, natural
parameter, we shall thus consider kp4kg and
KP4KG, or with the dimensionless ones: kgo1
and KGo1:
Autoproteolysis is a classical proteolysis

event, except for its substrate that consists in
the enzyme itself. However, for the sake of
efficiency we would not expect the enzyme to be
a better substrate than its naturally encountered
one. We shall thus generally assume: kdegpkp
and KdegXKP (natural parameters) or kdegp1
and KdegX1 (dimensionless parameters). The
remaining parameters (a; rim;KR) could not be
estimated and were usually varied here between
10�3 and 103 (in dimensionless form).

4. ‘‘Closed’’ Model

In this section we study a simplified version of
eqn (2) that we can analyse in two-dimensional
phase space. It is obtained by setting rim ¼ d ¼ 0
in eqn (2), i.e. by neglecting ECM protein entry
or fragment exit through proteolysis from the
system (as in a batch reactor). The global
concentration (matrix protein+fragment) is thus
conserved: mðtÞ þ f ðtÞ ¼ mð0Þ þ f ð0Þ � c0: This
constraint allows the reduction of the number of
equations and eqn (2) reads

df
dt

¼ p
c0 � f

1þ c0 � f
� kgg

f
KG þ f

; ð3aÞ

dp
dt

¼ a
f n

Kn
R þ f n

� kdeg
p2

kdeg þ p
: ð3bÞ

This simplified version resembles classical mod-
els for futile cycles with nonlinear negative
feedback, such as kinase–phosphatase cycles
(Lisman 1985; Ferrel & Xiong, 2001). These
models are known to exhibit multistability
properties (Laurent & Kellershohn, 1999). The
major difference here lies in the indirect nature
of the feedback loop that acts through protei-
nases. However, multistability originates from
the model’s logical structure and is thus largely
independent of the system’s details (Thomas,
1998).
A trivial fixed point of eqn (3) is ðf0;p0Þ ¼

ð0; 0Þ and will be referred to as ‘‘FP1’’. It
corresponds to a ‘‘matrix only’’ situation, i.e. a
situation with maximal ECM concentration and
without proteinase (nor proteolysis fragment). A
plot of the nullclines (Fig. 2) of eqn (3) in the
f2p phase-space shows that, for some para-
meter values, two other fixed points (labeled
‘‘FP2’’ and ‘‘FP3’’ in Fig. 2) can coexist with
FP1. Figure 3 shows the bifurcation diagram
obtained with kgg as a control parameter. For
convenience, we represent ECM proteins (m)
evolutions as deduced from eqn (3) as mðtÞ ¼
c02f ðtÞ: As inferred, FP1 value does not depend
on kgg: The eigenvalues of the Jacobian matrix
evaluated at this fixed point are ðl1; l2Þ ¼
ð0;�kgg=K2GÞ; i.e. FP1 is a degenerate node for
the linearized system. Inspection of graphic
representations of the vector field as well as
thorough numerical integrations indicates that
this fixed point is stable (although ‘‘weakly’’) for
kgg=K2Gb 1, but unstable for kgg=K2G ¼ 0; in
agreement with the non-zero eigenvalue. The
first saddle-node bifurcation (fusion of the FP1
and FP2 branches) seems to be located to a small
but non-zero parameter value. Nevertheless, FP1
being a degenerate node whose non-zero eigen-
value is proportional to the control parameter
kgg; its stability at very low control parameter
values is poorly defined in the absence of a
Lyapunov function. Furthermore, the unstable
FP2 branch approaches the bifurcation tangen-
tially to the FP1 one. This further complicates
the exact localization of the bifurcation by
numerical ways. The two other possible fixed
points, FP2 and FP3, both exist at intermediate
kgg values only with FP2 unstable and FP3
stable. In contrast to FP1, FP3 is an ‘‘ECM-
poor’’ fixed point where ECM has been widely
degraded and proteinase and fragment concen-
trations are high.
Figure 3 characterizes a bistable behavior that

we exemplify in Figs 4 and 5. Figure 4 presents
ECM evolution mðtÞ with maximal initial ECM
concentration [mð0Þ ¼ c0], and variable initial
proteinase concentrations pð0Þ: As long as pð0Þ
is lower than a threshold concentration, the
system remains asymptotically in the FP1
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Fig. 2. Nullclines df=dt ¼ 0 (thin line) and dp=dt ¼ 0 (thick line) for the closed model [eqn (3)] in the f2p phase plane
with kgg ¼ 0:06 (a) or 0.05 (b). Other parameter values are: KG ¼ KR ¼ 0:1; Kdeg ¼ 1; kdeg ¼ 0:1; n ¼ 3; a ¼ 0:1; c0 ¼ 0:1 and
rim ¼ d ¼ 0: The fixed points are the intersections of the curves and are labeled ‘‘FP1’’, ‘‘FP2’’ and ‘‘FP3’’ in (b).
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‘‘matrix-only’’ state. This clearly demonstrates
the resistance of the system to proteinase’s
attack of the matrix. We note that this resistance
is caused by auto-regulation of the dynamical
system and not by ECM protein’s protection
or proteinases inhibition. Nevertheless, when
proteinase concentration is high enough to
reduce ECM concentration below FP2, the
system switches to the other stable fixed point
FP3, i.e. an ‘‘ECM-poor’’ state. This threshold
effect is illustrated by curves 2 and 3 of Fig. 4,
where initial proteinase concentration differs by
less than 0.05%. Still, this is enough to switch
from a high-ECM/zero-proteinase state to a low-
ECM/high-proteinase one. Furthermore, as can
be seen in Fig. 4, bistability also implies that FP1
and FP3 are the only accessible states at long
times, excluding any other intermediate state.
In bistable systems, transition from one stable

fixed point to another one displays memory
properties (hysteresis). This is illustrated in
Fig. 5 where eqn (3) integration is initiated with
a low kgg (transglutaminase activity) value and is
close to the ‘‘ECM-poor’’ state (FP3). The model
equations are integrated for 200 time units with
kgg ¼ 0:02: kgg is then abruptly increased to 0.04
at t ¼ 200; and the equations integrated for the
next 200 time units, keeping this kgg value
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Fig. 3. Bifurcation diagrams showing the evolution of m (a) and p (b) components of the three fixed points (FP1, FP2
and FP3), with kgg (transglutaminase activity) as the control parameter. Bold lines represent stable branches, thick lines are
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constant. This process is iterated with gradually
higher kgg values, up to a final value of 0.10 (at
t ¼ 800). The system remains on the FP3 branch
while kgg is lower than its threshold value (the
value at the FP2–FP3 saddle-node bifurcation,
i.e.E 0.056, see Fig. 3) and suddenly switches to
the FP1 ‘‘ECM-rich’’ branch for higher (increas-
ing) transglutaminase activities. When kgg is
then decreased back (from t ¼ 1000 in Fig. 5),
the system remains on the FP1 branch until
kgg ¼ 0 ðt ¼ 1600Þ; even with kgg values lower
than the FP2–FP3 saddle-node bifurcation
(0.056). Without transglutaminase, FP1 is un-
stable so that the system switches to the FP3
branch at kgg ¼ 0: The path followed along the
fixed-point branches is not identical whether the
control parameter increases or decreases. As it
discriminates between increasing and decreasing
values, the system seems to ‘‘remember’’ former
values of transglutaminase activity.
The shape of the bifurcation diagram depends

on the other parameter values. Of interest is the
dependence of the kgg threshold on KG values.
As shown in Fig. 6, the transglutaminase con-
centration necessary to switch from the ‘‘low-
matrix’’ to the ‘‘high-matrix’’ branch increases
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linearly with decreasing enzyme affinity, which is
in agreement with intuitive expectations. Like-
wise, the shape of the FP2 and FP3 branches and
the distance between the saddle-node bifurcation
and FP1 depend on the parameters. An extreme
example with low KR ðKR ¼ 0:001Þ is presented
in Fig. 7. Whereas the bifurcation diagram for p
resembles those obtained with higher KR [cf.
Figs 3 and 7(A)], the m diagram [Fig. 7(B)] is
qualitatively different: the low (FP3) stable
branch exhibits a hyperbolic shape which rapidly
tends to FP1 [Fig. 7(B)]. The unstable branch
(FP2) cannot even be distinguished in this
figure. These characteristics have interesting
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consequences on the evolution of p and m with
variable transglutaminase activities. In the ab-
sence of transglutaminase (kgg ¼ 0) and without
initial ECM, the model is in the ‘‘low-matrix’’
fixed point FP3 [Fig. 7(C) and (D), t ¼ 0]. As kgg
increases, m first abruptly increases, then hardly
varies. This ‘‘switch-like’’ behavior is caused
by the sharp increase of the FP3 branch, but
does not correspond to a branch switch in the
bifurcation diagram. Consistently, p remains
largely unchanged while kggo8; because its FP3
branch [(Fig. 7A)] is almost constant. Hence for
intermediate transglutaminase activities (i.e. 2
okggo8), the system auto-organizes into a state
with high ECM concentrations (and low frag-
ment) together with high proteinase levels.
Further kgg increase causes the system to switch
from FP3 to FP1 when the bifurcation point is
exceeded. Whereas the influence on p is notable
[Fig. 7(C), t42000], it can barely be observed on
m because the m values of FP3 and FP1 at the
bifurcation are very similar. Thus, m and p seem
to become uncoupled: m seems to switch a fixed
point for low transglutaminase activities,
whereas p switches for substantially higher
values. The paradoxical result that a stable
steady state can be obtained where both
proteinase and ECM concentrations are high
can be explained on the basis of the KR value
which is very low in Fig. 7. In this case,
proteinases are highly expressed, even with low
fragment (or equivalently high ECM) concentra-
tions. This situation is stable as far as transglu-
taminase activity is high enough to maintain
elevated ECM concentrations but the corre-
sponding low fragment concentration is still
high enough to maintain elevated levels of
proteinase neo-synthesis.

5. ‘‘Open’’ Model

With non-zero values for rim and d; eqn (2)
describes an ‘‘open’’ model in which the total
(ECM proteins+proteolysis fragments) concen-
tration is not conserved. Numerical integration
of eqn (2) shows that the behavior of the system
is then drastically modified. Sustained oscilla-
tions of the three variables, reflecting the
emergence of a stable limit cycle (Fig. 8), appear.
When foKR [0.2 in Fig. 8(A) and (B), 0.01 in
Fig. 8(C) and (D)], p decreases because of
autoproteolysis. The limit cycle being clockwise
[Fig. 8(B) and (D)], this comes with an increase
in m owing to constant ECM input (the system
runs along the lower part of the limit cycle).
Under the action of the residual proteinases on
m; f increases when ECM concentration be-
comes elevated. The upper-left corner of the
limit cycle (in the m–p space) is reached when
fragment concentration crosses over KR: Then p
abruptly increases because of fragment-induced
neo-synthesis: the system runs along the upper
part of the limit cycle of Fig. 8. Proteinase
substrate (ECM proteins and fragments) con-
centration consequently abruptly decreases and
another cycle begins.
As exemplified in Fig. 8, a variety of char-

acteristics (shape, amplitude, phase) can be
observed with the oscillation’s period varying
between 10 and 5� 102 time units (Fig. 9).
Figure 10 presents a bifurcation diagram with
transglutaminase activity as the control para-
meter. For low kgg; a single fixed point exists
and is stable. With increasing transglutaminase
activity, the system crosses over a Hopf bifurca-
tion: the former stable fixed point becomes
unstable and a stable limit cycle appears. As
kgg further increases, the stable limit cycle fuses
with an unstable one, forms a semi-stable limit
cycle at the bifurcation (SSLC: a limit cycle
with stable interior and unstable exterior) and
disappears.
A simplifying biological interpretation of

this phase diagram would consist in assigning
each of its regions to a biological state of the
ECM. An important outcome is that, as seen in
the bifurcation diagrams, this ‘‘open’’ version of
the model does not show a stable state with high
ECM and low proteinase concentrations, which
would a priori be considered as a normal
physiological condition. For transglutaminase
activities lower than the Hopf bifurcation, the
system presents a stable steady state but in this
state, the ECM density is low and the proteinase
concentration is high. This would be a favorable
state for tumor development and dissemination,
for instance. On the other hand, high transglu-
taminase activities (above the SSLC bifurcation)
correspond to unstable regions which yield high
ECM and low proteinase concentrations. But
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this steady state is unstable so that ECM
concentration increases unboundedly and pro-
teinase concentration vanishes with time. This
could correspond to known pathologies, such as
fibrosis where ECM is overabundant and, more
importantly, grows out of control.
Thus one possible interpretation, although

speculative, is that the normal physiological
state could correspond to the oscillatory domain,
where the average ECM concentration is con-
stant and relatively high. Oscillation periods
vary between 10 and 5� 102 non-dimensional
(1/kp) time units (Fig. 9). With kp varying from
50 to 500 hr�1 (see Section 2), this yields a period
interval ranging, in natural units, from seconds
to minutes. This could be too small to be
detected by conventional experimental techni-
ques in cellular biology, that would only exhibit
an average, constant ECM level. Interestingly,
in this interpretation, homeostasis of ECM
remodeling thus results from an oscillating
mechanism, providing a seemingly constant
average level.
Proteinase autoproteolysis is an important

parameter for the structure of the bifurcation
diagram. Figure 9 shows that oscillation period
increases with decreasing kdeg: Furthermore,
the distance between the Hopf and SSLC
bifurcations decreases with increasing kdeg
(Fig. 11). Eventually, this distance vanishes
[Fig. 11(B)] and the Hopf bifurcation directly
gives rise to the unstable limit cycle (the stable
limit cycle disappears). Thus high proteinase
autoproteolysis suppresses the sustained
oscillations.
The dependence on the other parameters is

presented with two-parameter stability diagrams
in Fig. 12. Before more detailed interpretations,
it can be remarked that in all cases, the
oscillatory zone is narrow. Note that in Fig. 12,
the stability diagrams are presented in log–log
coordinates for clarity so that the width of the
oscillatory zones appears even thinner than in
natural coordinates. Rapid estimations indicate
that, if located in the middle of an oscillatory
zone, the minimal parameter variation required
to leave the zone lies on average between 10 and
40%. We think that these values are higher than
naturally occurring noise-induced parameter
variability in biological systems. However, these
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low values indicate that the system should be
tightly regulated in order to maintain oscillatory
properties.
Figure 12(A) summarizes the preceding

remarks. With increasing kgg; and constant
kdeg; the system goes by Hopf bifurcation and
displays sustained oscillations for kdego0:5:
Furthermore, oscillations develop at lower
proteinase autoproteolysis if transglutaminase
activity is increased. As mentioned above,
oscillations develop when p can decrease by
autoproteolysis during a phase of the cycle. This
is possible only if f remains less than KR during
this phase, i.e. if tranglutaminase activity is
sufficient to decrease fragment concentration to
lower values. With high transglutaminase
activities, the KR threshold is less easily reached,
so that the requirement for high autoproteolysis
to decrease p is less drastic. In fact, if trans-
glutaminase concentration g is an adjustable
parameter, oscillations can accommodate up
to circa two orders of magnitude of kdeg
variation.
The other stability diagrams, however, show

that locating into stability/oscillation areas can
also be controlled by virtually all the other
parameters. Figure 12(B) shows that sustained
oscillations can be triggered by high values of
the maximal cell response to fragments (a41).
Modulation of signal transduction pathways
can thus regulate the oscillatory behavior of
the system. Moreover, Fig. 12(B) indicates that if
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ECM production rate (rim) is decreased, oscilla-
tions can be preserved by increasing a: This is a
result of the complex dynamics of eqn (2).
Figure 12(C) presents the system’s behavior as

a function of transglutaminase’s affinity (KG)
and the sensibility of the cell response to
fragments (KR). Clearly, if one of these para-
meters is adjustable, oscillations can develop
over two orders of magnitude of both parameter
variations. If transglutaminase affinity is highly
decreased, oscillations can be maintained by
decreasing the cell maximal response to frag-
ments, or conversely, increasing the fragment
concentration threshold that is necessary to
trigger a high proteinase expression level. How-
ever, Fig. 12(C) indicates that oscillations arise
for low KG values, i.e. if transglutaminase
affinity for its substrate f is greater than
proteinase affinity for m: This is actually the
case in vivo (see Section 3). Finally, we notice in
this figure that for constant KG values, oscilla-
tions and stability properties of eqn (2) can be
regulated by modulating KR. The first molecular
event involved in proteinase transduction
pathways is the fragment recognition by the
cellular receptor. Undoubtedly, the affinity of
the receptor for the fragment would influence
the value of KR: In the case of the integrin
family of receptors, the cells can modify the
affinity of their receptors for their ECM ligands,
in a process termed ‘‘inside-out’’ signaling
(Yamada, 1997; Bouvard et al., 1998). Conse-
quently, inside-out signaling is an example of
how cells could regulate their positioning in
the stability diagrams and switch from the
low-ECM invasive state to the oscillatory
homeostatic one.

6. Discussion

A large amount of work has been dedicated in
the past years to the modeling of extracellular
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matrix degradation and its relations with
invasive cells (Perumpanani et al., 1996, 1998;
1999; Perumpanani & Byrne, 1999; Landmann &
Pettet, 1998; Berry & Larreta-Garde, 1999;
Dallon et al., 1999; Webb et al., 1999). In these
studies, the ECM mass balance primarily de-
pends on the catabolic action of proteinases and
ECM production by the cells. Our main
objective in this article consisted in the introduc-
tion of transglutaminases in such a model. As
these widespread enzymes can turn soluble
proteins into insoluble lattices, their influence
on the mechanical properties of the ECM
appears to be the reverse of the action of
proteinases. We thus treated proteinases and
transglutaminases as reverse catalysts of a futile
cycle in which ECM proteins and their soluble
proteolysis fragments are interconverted.
Furthermore, our model implicitly assumes that
proteinase expression is regulated by the quan-
tity of soluble ECM proteolysis fragments and
not by the quantity of native ECM proteins, i.e.
that outside-in cell signaling in response to
cell–ECM interactions varies with the physical
state of the ECM proteins. This assumption is
first based on experimental evidences that the
regulation of cell migration (Gianelli et al., 1997)
or proteinase expression (Werb et al., 1989) is
mediated by ECM proteolysis fragments but not
by the corresponding entire proteins. Further, it
relies on growing amount of reports that the
mechanical and physical characteristics of the
ECM, such as rigidity or elasticity, can by
themselves regulate cell physiology, irrespective
of the chemical identity of the proteins the ECM
contains (Choquet et al., 1997; Hynes, 1999;
Katz et al., 2000).
The structure of our model can thus be

described as a cyclic bienzymatic system, with a
positive-feedback regulation. Several models of
cyclically organized biological reaction have
previously been studied. In the absence of
regulation, the only dynamical behavior acces-
sible is monostability, although switch-like
properties can be observed through zero-order
ultrasensitivity (Goldbeter & Koshland, 1982;
Ferrell, 1996; Ferrell & Machleder, 1998). When
self-regulation is included, bistability may be
obtained (Lisman, 1985; Hervagault & Canu,
1987; Thron, 1999; Zhabotinsky, 2000; Ferrell &
Xiong, 2001), as well as more complex dynamics
if several bienzymatic cycles are themselves
organized in a cyclic fashion (Gonze & Goldb-
eter, 2000). Many of the theoretical predictions
of these models have been confirmed experimen-
tally (Schellenberger & Hervagault, 1991;
Coevoet & Hevagault, 1997; Guidi & Goldbeter,
1998). In vivo, however, few enzyme categories
are known to form bienzymatic cycles. The
main but ubiquitous example concerns enzymes
involved in phosphorylation/dephosphorylation
events. Thus most of the previously published
studies of bienzymatic cycles relate to kinase/
phosphatase cycles although others have been
proposed, including isocitrate dehydrogenase/
diaphorase (Guidi & Goldbetter, 1998, 2000).
Seen from this angle, our model introduces a
new category of enzyme families possibly in-
volved in a bienzymatic cycle: the proteinase/
transglutaminase activities. Note, however, that
transglutaminase activity could be generalized
to other enzymes, such as protein disulfide
isomerases or more generally, protein cross-
linking enzymes.
Indeed, the equation describing the model

[eqn (2)] exhibits bistability if ECM production
by the cells and ECM fragments proteolysis are
neglected. Fundamentally, the system possesses
two states for the ECM proteins: a low-
concentration one and a high-concentration
one. These two states respectively correspond
to a high proteinase concentration state and a
low proteinase concentration one. The dynamics
consist in switches between these two states
including memory and threshold properties.
Under physiological conditions, the ECM is
a physical barrier to cell displacement. To
disseminate and form distant metastases, inva-
sive cells counteract this barrier by the produc-
tion of extracellular proteinases that locally
degrade the ECM and render it porous to the
cells (Heino, 1996; Price et al., 1997). Thus, the
low-ECM/high-proteinase state of eqn (2) can be
interpreted as prone to metastasis dissemination.
Accordingly, the engagement of non-invasive
cancer cells into the invasive aggressive pheno-
type could be interpreted as a switch toward the
low-ECM/high-proteinase state. To this end,
proteinase production and secretion by the cells
would not be sufficient. The switch would be
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effective only if proteinase concentration gets
higher than a threshold that depends on the cell
and its ECM properties. This could explain that
proteinase production in the ECM is not always
a hallmark of invasive cells by itself, inasmuch as
some normal healthy cells produce proteinases
to locally control the ECM (Duffy & McCarthy,
1998; Murphy & Gavrilovic, 1999). The usual
point of view is that cell invasion would be
brought about by proteinase overload (Liotta
et al., 1991; Cockett et al., 1998), which is in
agreement with the threshold properties of our
model. Conversely, this would indicate that
treatments with proteinase inhibitors to prevent
malignant invasion would be efficient only if
they decrease proteinase levels below the thresh-
old. This could, together with other factors
(McCawley & Matrisian, 2001) account for the
disappointing results of some of the synthetic
inhibitors which are in later stages of clinical
trials (Duffy & McCarthy, 1998; McCawley &
Matrisian, 2000). Furthermore, the possibility to
highly distort the bistable bifurcation diagram
with varying parameters enables some biological
interpretations which would be difficult to
obtain with a classical ‘‘S-shaped’’ diagram. In
the case of Fig. 7, for instance, this allows an
apparent uncoupling of the two variables in
the diagram. Additionally, a parameter zone
can be observed where the high transglutaminase
activity compensates the high proteinase level,
allowing coexistence of high ECM concentra-
tions with high proteinase concentrations.
In a model for the isocitrate dehydrogenase

reaction, Guidi & Goldbeter (1998, 2000) have
shown that the batch bistable version of the
model may become oscillatory when the system
is opened to constant reactant influx and efflux.
We observed the same transition from bistability
to oscillations when constant ECM production
by the cells and fragment degradation are
included in our model (Fig. 8). Bifurcation and
stability diagrams (Figs 10–12) roughly present
three main zones that can be ascribed to
different biological situations. Stability areas
contain stable fixed points that, in most cases,
are low-ECM/high-proteinase states. This could
be a picture of the situation encountered during
cell invasion. Unstable zones include areas
characterized by unstable fixed points only or
absence of any attracting items. In most of these
cases, the proteinase and fragment concentra-
tions rapidly vanish with time so that ECM
quantity grows unboundedly. One can think of
these areas as reflecting pathologies like fibrosis
arising from uncontrolled ECM growth.
Finally, oscillation areas, bounded by the

Hopf and semi-stable limit cycle bifurcations,
could be assimilated to the normal physiological
situation. The originality of this interpretation
lies in the conception of the ECM mass balance
as a homeostatic oscillator. Considering the
narrowness of the oscillation areas, this view
however implies a tight regulation by the system.
Indeed, positioning into the stability diagram
can be controlled by most of the model para-
meters (Fig. 12). The transition from the low-
ECM ‘‘invasive’’ state to the normal homeostatic
oscillatory regime could then be elicited by the
cell itself via increases in transglutaminase
quantity (kgg), variations in the ECM produc-
tion rate (rim), quantitative modifications of the
transduction pathways leading to proteinase
expression (a) or inside-out signaling (cell-con-
trolled changes in ECM receptor affinity). The
model therefore appears to reflect well the multi-
controlled and complex system formed by the
cells and the ECM.
In both the ‘‘open’’ and the ‘‘closed’’ models,

the value of the Hill coefficient n is an important
parameter. The ‘‘closed’’ model presents three
steady states for nX2: However, in the case n =
2, the degenerate node (FP1) is hardly stable,
even for high kgg values (not shown). The model
is thus bistable for n X 3. With increasing n

values, the second saddle-node bifurcation
(FP2–FP3 branch fusion) occurs at decreasing
values of the control parameter kgg: The ‘‘open’’
model also shows Hopf bifurcation and sus-
tained oscillations for nX2: With increasing n
values, the behavior is qualitatively conserved,
but the Hopf bifurcation occurs at lower values
of the control parameter kgg (not shown). Thus,
the n value used in this article (n ¼ 3) is a
minimal value for the two models and seems
compatible with even mildly cooperative systems
in vivo.
In this work, proteinase autoproteolysis

has been modeled with a Michaelis-type expres-
sion. This is a crude approximation because
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Michaelis–Menten kinetics rigorously hold for
high initial substrate-to-enzyme concentration
ratios. This restriction is not obvious when both
enzyme and substrates are the same molecular
species. Other kinetic expressions can be thought
of. For instance, a sigmoid expression could
be used to express the autocatalytic nature of
autoproteolysis. We have checked that the
dynamical behaviors described in this paper do
not qualitatively change if the autocatalytic
term [second term in the right-hand side of eqn
(1c)] is replaced by a Hill function of the
form2apq=ðKq þ pqÞ; where q is the correspond-
ing Hill number. With this modification, the
‘‘closed’’ model still presents bistability,
although for different parameter values, if n
and q are X1; and whatever the n value with
respect to q: The ‘‘open’’ model also still shows
sustained oscillation zones after this modifica-
tion, whenever nX2 and qX1: In this case, the
value of the control parameter kgg at the Hopf
bifurcation increases with increasing q values.
Other expressions for the autocatalytic

term are conceivable. Actually, the main basic
requirement for this term is the need for a
possible proteinase ouput from the system,
which excludes systematic p unlimited growth
due to neo-synthesis. This can therefore be
interpreted as autoproteolysis, irreversible
inhibition (mediated by a-macroglobulin, for
example; see Birkedal-Hansen et al., 1993), or
simply uptake by the biological surroundings.
For instance, in some models for tumor growth,
proteinase decay has been modeled by first-order
kinetics (Perumpanani et al., 1996, 1998; Per-
umpanani & Byrne, 1999). For the ‘‘closed’’
model, changing the autocatalytic term to
first-order kinetics alters the shape of the
nullcline for dp/dt to a sigmoid shape (Fig. 2),
but does not suppress the occurrence of
bistability. The qualitative behavior is thus
conserved. On the other hand, the Michaelis–
Menten expression used for autoproteolysis
in eqn (1c) reduces to such first-order kinetics
when the proteinase concentration is much
higher than Kdeg: Now, in the results presented
in Fig. 8(C) for the ‘‘open’’ model, p is always
much greater than Kdeg so that our autoproteo-
lysis kinetics can really be considered here as first
order throughout the oscillatory cycle. Taken
together, these observations indicate that the
origination of sustained oscillations or bistability
is not critically dependent on the exact nature of
the mathematical expression used to model
proteinase output from the system.
Experimental examination of these predictions

could be difficult to achieve because the oscilla-
tion periods could be too small to be detected by
conventional cell-culture techniques. A suitable
experimental method should record local protei-
nase, fragment or ECM protein kinetics among
cell cultures in continuous mode. In principle,
this could be achieved by monitoring fluorescent
(gfp-tagged) proteinases, for instance. This
technique has been used to study fibronectin
dynamics inside cell-culture-derived ECM
(Ohashi et al., 1999). Fibronectin is a large
ECM glycoprotein (E500 kDa) so that it can
safely be assumed that its properties are not
dramatically modified by gfp labeling. This could
be less obvious with ECM proteinases, that are
much smaller (E60–70 kDa) and must maintain
catalytic activity in the presence of the fluor-
escent tag. Alternatively, proteinase activity
could be continuously monitored by incorporat-
ing low quantities of exogenous proteolysis
markers into the ECM. This approach has been
successfully achieved using a chemically mod-
ified bovin serum albumin that becomes fluor-
escent upon proteolysis and has evidenced that
pericellular ECM proteolysis during neutrophil
migration is oscillatory, with periods of the order
of 20 s (Kindzelskii et al., 1998). The oscillation
periods accessible to this kind of experiment are
thus compatible with those predicted in the
present paper.
Finally, many of the in vivo interactions are

neglected in our model, especially as far as
transglutaminase regulation is concerned. For
instance, transglutaminase is known to undergo
deactivation by proteolysis (Belkin et al., 2001).
Furthermore, transglutaminase expression and
secretion by the cells can be regulated by the
quantity of surrounding ECM (Haroon et al.,
1999). We are currently studying a modified
version of eqn (2) that takes this feature into
account. Preliminary results show that this
model exhibits complex transitions to chaos for
some parameter values. Hence, including trans-
glutaminase action in simple models for ECM
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degradation balance yields enriched dynamics
that could be better suited to model this complex
biological system.
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