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ABSTRACT
When spreading onto a protein microlattice living cells spontaneously acquire simple shapes determined by the lattice
geometry. This suggests that, on a lattice, living cells’ shapes are in thermodynamic metastable states. Using a model
at thermodynamic equilibrium we are able to reproduce the observed shapes. We build a phase diagram based on two
adimensional parameters characterizing essential cellular properties involved in spreading: the cell’s compressibility
and fluctuations.

Living cells are out of equilibrium systems regulated by a complex network of biochemical reactions [1].
Cell adhesion to the extracellular matrix (ECM) or to neighboring cells is a fundamental biological
phenomenon that is involved in stem cell differentiation and in numerous pathologies [2,3]. The specific
interactions between the ECM and the membrane proteins are crucial since they trigger biochemical
signaling [4]. Cell adhesion is a dynamic process [5] that relies on membrane protrusions for the search for
new ligand, the engagement of specific receptors, the activation of the contractile machinery based on the
actin-myosin interaction, and the slow relaxations of the viscous cytoskeleton [6,7] that finally leads to
spreading. An extensive thermodynamic description of adherent cell shapes would require the knowledge
of all the generalized forces and fluxes [8]. Although this is possible to address theoretically for the actin
cytoskeleton, in an elegant and general way [9], the experimental measurements of the molecular details are
difficult.
A simplification might be achieved by physically limiting the number of configurations that a single cell
shape can take. Protein micropatterns have been used to control the contact area [10], the size of focal
adhesions [11] and the distance between engaged receptors [12], cell polarization [13,14] as well as the
overall stress distribution within cells or tissues [15,16]. They provide a controllable external parameter,
and force cells to organize in different shape classes: this reduces statistical dispersion and facilitates data
analysis as well as modeling [17–19].
In this Letter we use ECM protein square lattices of controlled geometry (Fig. 1). We perform statistical
analysis of spread cell shapes and numerical simulations based on an equilibrium thermodynamic model.
Both our experimental observations and our phase diagram obtained numerically suggest that the observed
shapes correspond to metastable states in an energy landscape. Our results justify in fine the purely
mechanical approach used in alternative models [17–19].
Each pattern is made of a lattice of 5µm x 5 µm square adhesive spots of a protein fragment of fibronectin
[20] complemented by antiadhesive poly(ethylene-glycol). The fragment includes the specific interaction
site with the integrins, which are transmembrane proteins responsible for adhesion and signaling in the 3T3
mouse fibroblasts [1]. These cells are harvested and plated onto the patterns, then left to spread for 3 to 4 h
before fixation in paraformaldehyde and immunostaining; for details on the method, see Ref. [21].
The spreading process described in [21,22] involves long membrane protrusions such as filopodia, a type of
protrusion with parallel actin filaments. This contrasts with nonpatterned supports where lamellipodia with
dendritic actin filaments are dominant. As a result, the spreading rateis reduced and cell polarization
induced by the migration is not observed within the spreading time.

FIG. 1. Cell shapes on a square lattice of adhesive spots.
Top: experimental cell shapes when spreading occurs on 2
(a) 3 (b) 4 (c) or 9 (d) adhesive spots. Focal adhesions are
labeled in green and the actin cytoskeleton is labeled in red.
The distance between adhesive spots is 10 µm. Bottom:
corresponding simulated cells shapes. unoccupied adhesive
spot; green: occupied adhesive spot.

Statistical studies on fixed cells showed that the most likely shape depends strongly on the pitch of the
ECM lattice. For small pitch (below 10 µm) many shapes are very similar to those observed on
nonpatterned supports. If the distance between adhesive spots is comparable with the characteristic
protrusion length [22], spreading is constrained by the lattice. For larger pitches, between 10 and 15 µm,
cells adopt various simple shapes matching the protein lattice. Typical observed shapes are shown in
[Figs. 1(a)–1(d)]. The shape with the higher occurrence is a four adhesive spots square [Fig. 1(c)]. The
shapes that are more often observed have the longer lifetime and probably correspond to local minima of an
energy functional.
We use simulations to test if the cells’ shape can be described by energy minimization, in order to find
parameters and measures that can be compared to biological experiments. Here we model cells as twodimensional (2D) objects on a 2D square lattice. Cells are supposed to be homogeneous: the cytoskeleton
and the nucleus are not explicitly taken into account. The cellular Potts model (CPM) was introduced
originally [23] to simulate variable cell shape and size in an assembly of interacting cells. It minimizes a
functional depending on geometrical cell parameters (such as area and perimeter) and on an adhesive
constraint. We apply it here to single cells. We choose to minimize the following energy based on the
balance between adhesion and cortical tension [24–26]:

Here, the experimentally observed strong interaction between integrins and fibronectin is considered by
adding an adhesive constraint that corresponds to a negative cellsubstrate interaction energy [24,25], which
is kept constant in all the simulations presented: Jcs = 250. Aa is the cell adhesive area (in contact with
ECM spots), much smaller than spread area Acell. The total length of interface between the cell and the
culture medium is the perimeter pcell. Jcm > 0 is the energy per unit length of this interface. It describes the
biological contractility of the stress fibers, which is mediated by myosin [25,26]. High contractility means a
high value of Jcm, which straightens the cell contours. A0 is the cells’ preferred area and _A is the area
elastic compression modulus: the last term of Eq. (1) enforces area conservation through an energy cost due
to the deviation of cell’s area from its nominal value. Since the actin gel in the volume of the cell is
contractile through the action of myosin, this last term too is associated with the activation of myosins, in
addition of passive components related to the elastic compressibility of the cytoskeleton, actin cortex, and
cytoplasm. The possible cross talks between the signaling pathways are not considered in this Letter.
The pressure difference between the intra- and extracellular part is
At constant adhesion surface, the minimization of the energy functional leads to the following equation
which fixes the membrane curvature (Laplace law):

If the pressure difference is positive, an increase in perimeter increases the area. This corresponds to
swelled cells that extend beyond the adhesion spots [Figs. 1(a) and 1(b)]: these cells are not well spread. In
contrast, if the pressure difference is negative, then an increase in perimeter will decrease the area. This
corresponds to tight cells that are well spread and curved toward the interior of the surface defined by the
adhesion spots [Figs. 1(c) and 1(d)].
We apply Monte Carlo sampling and the Metropolis algorithm as in [23,27,28]. We choose each site on the
lattice at random; we propose a change in its value, and accept it with a Boltzmann probability distribution
dependent on the fluctuation amplitude T, playing the role of an
effective temperature:

During one Monte Carlo step (MCS), each pixel is considered for a value change once. We test the model
for various parameter values. Stable shapes are obtained for the ranges 1<T<1000, 0.1 <A < 100, and
5<Jcm<50. Higher T produces cell dissociation whereas lower T freezes the cells and forbids any
optimization. Large A prevents area deviation from its nominal value.
We first aim at qualitatively reproducing the diverse classes of observed shapes within one set of
simulation parameters. We perform simulations with an array of 100 x 100 pixels. The scale in simulation
is 0:5 µm/pixel to match the optical resolution (0:58 µm/pixel). T is set to 300. After the initial area
relaxation, interface fluctuations allow the cell to explore its close environment. After 104 MCS of
optimization, cell shape is annealed by slowly decreasing T to 20 (T= -3 each 10 MCS) and relaxes for 4

x 103 MCS at T = 20 in order to have smooth interfaces. Some simulated shapes are shown on Figs. 1(e)–
1(h). We obtain a good visual agreement with observed shapes for both swelled and tight cells.
We then statistically analyze the simulated and experimentally observed cell shapes. The values of A0 are
selected to span uniformly the observed experimental area distribution (from 50 µm2 to 1200 µm2). Cell
shapes are classified according to the number of adhesive spots occupied. For each class of shape the mean
area is computed. Simulation parameters are tuned in order to match the mean area of simulated and
experimental shapes. The values A= 0.1 and Jcm=30 yield good correlation with experimental
observations (Fig. 2). This indeed suggests that the protein lattice forms an adhesive energy landscape in
which cell shapes correspond to local minima. In real cells, the transition between shapes occurs by
crossing energy barriers with active large membrane fluctuations such as filopodia [21,22]. The description
of these transitions is beyond the scope of the present CPM simulations.

FIG. 2. Comparison of cell areas in experiments and in
simulations. Each point corresponds to one class of
shape
labeled by the number of adhesive spots. The
corresponding shapes are sketched with straight lines.
Bars are standard deviations. The dashed line is y =x.

To fine tune the model parameters, detailed simulations focus on the four spots squares [Figs. 1(c) and
1(g)]. Forty images of square cells were acquired using high resolution optics (X60 oil, NA = 1:4,
0.18µm/pixel) and simulations were realized on 200 X 200 pixels array at a scale of 10/62 µm/pixel. From
Eq. (1) we choose two adimensional parameters that reflect independent features of these CPM simulations:
M = AAo3/2/Jcm and S = T/(JcmAo1/2). An extensive study of the effect of these parameters yields a phase
diagram of the spread cells (Fig. 3).
The parameter M is a measure of the competition between the elastic compressibility of the cell body and
stress fibers contractility: it determines the curvature of the interface between the cell and the medium. For
a given A0 <Asq, increasing M decreases the radius of curvature. Considering only myosin activity, this
effect can be understood as the relative decrease of their activity in stress fiber (Jcm decreases) with respect
to their activity in the cytoplasmic actin gel (A increases).
The parameter S is a measure of the competition between the interface fluctuations and stress fibers
contractility. An increase in S at constant curvature leads to fluctuations of a larger amplitude, which is
seen on average as a smoother transition between the cell and the extracellular medium (Fig. 4). At small
M, if S is too large, interface fluctuations are sensitive to boundary conditions and simulations yield
unphysical results. At large M and S, the cost of interface is reduced and the cell breaks in smaller parts
attached to the substrate. For particular values of M and S represented by the dashed line in and
simulations yield unphysical results. At large M and S, the cost of interface is reduced and the cell breaks
in smaller parts attached to the substrate. For particular values of M and S represented by the dashed line in
Fig. 3, the interface deviates less than 2 pixels from the straight line: the curvature is thus zero within our
measurements accuracy. According to Eq. (2) the pressure difference is then 10 times smaller than the
pressure difference in cells with maximal curvature (R ≈ 5 µm).
FIG. 3. Phase diagram of cell shapes as a function of
parameters M and S. A0=104 is fixed for all
simulations. The area of the exact square shape is Asq
= 15 376 square pixels. Dots represent tight cells,
triangles represent swollen cells, and squares
represent unstable cells. Lines are guides for the eyes,
they mark the approximate transition between stable
and unstable regions (solid lines) and between swollen
and tight cells (dashed line).

Images representing 400 averaged shapes illustrate the shapes observed for the corresponding values of
the parameters. The colors represent the fraction of occupancy (see inset of Fig. 4). The shape atM = 40, S
= 0:5 can be unstable, the stable result is represented. The large black circle represents the values for
living cells: M = 20, S = 0.25 (see text).
We now seek a method to place the observed shapes onto the diagram of Fig. 3 and find for a cells’
population the values of the parameters M and S. To compensate for biological variability we average the
binary images and measure the curvature by fitting a circle through the line of occupation fraction 1/2 .
According to the diagram of Fig. 3 this curvature is fixed by the value of the parameter M. The width of the
transition region between the cell body and the culture medium is then determined by the value of S. The
corresponding results are represented on Fig. 4 where the cross sections obtained for the experiments are
compared with those obtained numerically for two different sets of parameters. A good agreement is
achieved for M = 20 ± 5 and S = 0.25 ± 0:3. In Fig. 3 the corresponding position of the averaged living
cells is marked by a large black circle. These values only apply to a square cell covering four adhesive
spots; other shapes have differentmembrane curvatures, and a different phase diagram, thus different values
for M and S can be found in the same way for these shapes.
FIG. 4 Cross sections of cells. X is the distance to the
cell center along the horizontal axis. The probability of
occupation is defined for each pixel as the fraction of
cells which occupy this pixel. Open squares:
experiments averaged on 40 thresholded cell profiles
(ensemble average). Closed squares and closed circles:
simulated cell profiles (time and ensemble average) for
a different set of parameters but identical M = 20 and S
= 0.25 values (filled squares: Jcm = 10, A = 2 x10-4, T
= 250, A0 = 104; closed circle: Jcm = 5, A= 10-4, T =
125, A0 = 104). Insets: corresponding images of the
occupation fraction. The color scale has been chosen to
enhance low values of intensity [29].
In conclusion, the observation of multiple stable shapes suggests that these shapes are at the metastable
minima of an adhesion energy landscape. The optimization of biological cells’ shapes is thus fast compared
with the process of barrier crossing (by filopodia and lamellipodia) which is biologically limiting the
spreading. The geometry of the protein lattice and parameters such as the line tension, the adhesion surface
energy, and the area elastic modulus are sufficient to reproduce essential features of the experimentally
observed shapes within a thermodynamic equilibrium model. More experiments are required to relate the
values of the model parameters quantitatively to biological data. It would be of great interest to inhibit
biochemical regulation pathways and monitor the evolution of the position of shapes in the phase diagram.
Preliminary results obtained using blebbistatin, a myosin inhibitor, seem to increase M and decrease S,
which, in terms of this model, can be explained as a decrease in stress fiber contractility (Jcm) with respect
to the cytosol elastic compressibility (A) and a decrease in fluctuation amplitude (T).
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