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Abstract
Collective cell migration is regulated by a complex set of mechanical interactions and cellular mechanisms. Collective
migration emerges from mechanisms occurring at single cell level, involving processes like contraction, polymerization
and depolymerization, of cell–cell interactions and of cell–substrate adhesion. Here, we present a computational framework
which simulates the dynamics of this emergent behavior conditioned by substrates with stiffness gradients. The computational
model reproduces the cell’s ability to move toward the stiffer part of the substrate, process known as durotaxis. It combines
the continuous formulation of truss elements and a particle-based approach to simulate the dynamics of cell–matrix adhesions
and cell–cell interactions. Using this hybrid approach, researchers can quickly create a quantitative model to understand
the regulatory role of different mechanical conditions on the dynamics of collective cell migration. Our model shows that
durotaxis occurs due to the ability of cells to deform the substrate more in the part of lower stiffness than in the stiffer part.
This effect explains why cell collective movement is more effective than single cell movement in stiffness gradient conditions.
In addition, we numerically evaluate how gradient stiffness properties, cell monolayer size and force transmission between
cells and extracellular matrix are crucial in regulating durotaxis.

Keywords Mechanics of cell migration · Stiffness gradients · Durotaxis · Cell contractility · Hybrid modeling approach ·
Collective cell motion

1 Introduction

Cell migration is crucial in a great number of biological
processes, such as angiogenesis, wound healing, and cancer
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metastasis (Martin 1997; Yang and Weinberg 2008; Aman
and Piotrowski 2010). In these processes, cell movement is
determined by a complex assessment of environmental cues
that include soluble factors, extracellularmatrix (ECM) com-
position, anisotropy, and stiffness. Gradients related to these
different cues might result in directional migration (Hartman
et al. 2016). The most studied condition of directional cell
migration is chemotaxis, which is the ability of cells to fol-
low a gradient of soluble chemical cues (Roca-Cusachs et al.
2013; Majumdar et al. 2014; Moreno-Arotzena et al. 2015;
Sunyer et al. 2016). It is also known that cells are able to sense
and respond to the mechanical properties of their surround-
ing environment. Cell morphology and motility (Cherry and
Adler 2000; Collins et al. 2000; Jia et al. 2015) are critically
influenced by ECM stiffness. Cells placed in substrates with
a spatial stiffness gradient move toward the stiffer part. This
process is known as durotaxis, and it is implicated in devel-
opment, fibrosis, and cancer (Ulrich et al. 2009; Liu et al.
2010; Sunyer et al. 2016).

The mechanisms guiding single cell migration in 2D
are well understood, and they could be applied to collec-
tive migration. However, collective cell motility is not just
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the outcome of several cells moving independently. Collec-
tive movement also involves integration of guiding signals
between cells in order to maintain the migration of cells
as a group (Rørth 2011; Haeger et al. 2015). Cells move
together in a coordinated way with a behavior that cannot be
seen in individual cells. Recently, Merkher andWeihs (2017)
observed how single cells exhibit less invasivenesswhen they
are isolated than when they are surrounded by other cells. To
understand how this collective behavior emerges is a current
research topic that has been thoughtfully investigated (Mayor
and Carmona-Fontaine 2010; Méhes and Vicsek 2014; Cam-
ley and Rappel 2017).

In order to understand the mechanism guiding both sin-
gle and collective cell migration, computational modeling
has been a powerful tool over these last years. Models can
help us to determine whether a mechanism would be feasi-
ble and tomake predictions that can be tested in experiments.
They allow us to have much more control over any proposed
mechanism, which we rarely have on experiments.

During the last few years there have beenmany attempts to
model cell collective behavior and motility in order to obtain
a deeper insight of the mechanisms that regulate this pro-
cess and to understand how cells interact with each other to
produce this collective behavior. Rappel et al. (Camley and
Rappel 2017) have presented an interesting review of differ-
ent works focusing on collective motility. In their work, they
have divided the models into three main groups based on the
number of cells that they have simulated:motion inmicropat-
terned substrates, chemotaxis, and cell sheet models. Leong
(2013) studied the dynamics of a pair of cells using a dis-
sipative particle dynamics model that takes into account the
acto-myosin forcing, viscous dissipation, and cortical ten-
sion. Later, Camley et al. (2014) simulated the same effect
using the phase fieldmodel, including cell nucleus and polar-
ity and considering the forces between the substrate and the
other cell. Kulawiak et al. (2016) also used a computational
phase field model of collective cell motility that includes
the mechanics of cell shape and a minimal chemical model
for CIL (contact inhibition for locomotion). They simulated
a large number of cell–cell collisions on narrow micropat-
terned stripes, with the aim to probe which properties in the
cell–cell interactions are responsible for the different out-
comes.

There are different numerical approaches to simulate
large amounts of cells: cellular Potts models can simulate
cells in large confluent sheets (Kabla 2012), whereas vertex
models are often used to simulate collective cell behavior
in monolayer sheets. Both models could integrate feed-
back mechanisms between cell migration and motile forces.
Hybridmodels have also been used to predict themorphology
of epithelial cells moving collectively (Gonzalez-Valverde
and Garcia-Aznar 2017). Lin et al. (2016) have used a ver-
tex model to study the effect on cancer cell invasion on

the collective dynamics of a tumor monolayer. Peng et al.
(2017) presented a two-scale moving boundary model of
cancer invasion. Particle-based methods (Sepúlveda et al.
2013) and continuumapproaches (Tambe et al. 2011;Cochet-
Escartin et al. 2014) have also been used to model monolayer
expansion. In chemotaxis different behavior between single
and collective migration has also been reported and different
models have been used to simulate this phenomenon (Theve-
neau et al. 2010; Malet-Engra et al. 2015).

Different cell-based models have been used to simulate
large cell populations behavior in different scenarios: grow-
ingmonolayers (Drasdo andHoehme2012), epithelialmono-
layers in tumor initiation stages and progression (Vermolen
et al. 2015), wound contraction where the immune reac-
tion, fibroblasts, and myofibroblasts are considered (Boon
et al. 2016). Vermolen et al. (2016) used a cell-based model
for epithelial wound healing that incorporates processes like
cell proliferation and death, cell–cell contacts, random walk,
chemotaxis, paralysation of constituent cells by pathogen-
secreted lactates. Chen et al. (2017) used this kind of models
to describe cell migration in nonisotropic fibrin networks
around pancreatic tumor islets.

Models simulating durotaxis are not usual in the litera-
ture, and most of them correspond to single cell motion in
2D surfaces. Different approaches have been used to model
single cell durotaxis. Stefanoni et al. (2011) proposed a 2D
approach based on Langevin equation with some modifica-
tions to consider mechanical properties of the substrate to
simulate single cell paths. Dokukina and Gracheva (2010)
developed a model of a fibroblast with viscoelastic behav-
ior using a Delaunay triangulation. Allena et al. (2016) used
the previous mentioned cellular Potts model to reproduce
single cell migration over flat substrates with different rigid-
ity. More recently, Novikova et al. (2017) used a random
walk model varying persistence time with substrate rigidity.
Kim et al. (2015) built a force-based computational model in
order to predict the cell invasion into a 3D ECM in response
to chemotaxis and durotaxis cues. Collective durotaxis was
studied previously by the same authors of this paper (Sunyer
et al. 2016). In that work, it was observed how emergent col-
lective behavior is more efficient than single cell behavior. A
discrete clutchmodel which was able to predict experimental
results was proposed.

Durotaxis in this model emerges as a consequence of a
force balance. The combination of cell–cell interactions with
a spatial–temporal analysis of discrete cell–ECM adhesions
allows the system to respond to mechanical changes in the
substrate. The model contains a monolayer formed by sev-
eral discrete cells. Cells are bound to each other by cadherin
proteins and each cell contracts and polymerizes. They also
adhere to the extracellular matrix through adhesion com-
plexes (ACs). These ACs are dynamic structures that are
constantly binding and unbinding. The ECM is simulated as
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Fig. 1 Cell monolayer model. a Schematic of the cell monolayer (dark
gray) expanding over a gel with stiffness gradient, based on experiments
performed in Sunyer et al. (2016). Model approximation only considers
displacements in the direction of the stiffness gradient (red rectangle). b
Themonolayer is composed by several bound cells placed in a substrate
with a rigidity gradient. c Cells are bound to each other with cadherins.

Adhesion complexes (ACs) bind the monolayer with the ligands in the
extracellular matrix transmitting the forces and causing the substrate
deformation. The ECM, simulated as a set of springs with a variable
Young’s modulus, presents a stiffness gradient, which guides migration
direction and speed

a set of truss elements with a variable stiffness which allows
us to reproduce different rigidity gradients. Displacements of
the monolayer are considered only in one dimension, along
the rigidity gradient direction. The contribution of this model
to the literature is considerable since it offers the possibility
of simulating both single and collective cell durotaxis. We
are able to analyze mechanisms that are crucial to understand
how collective behavior emerges and compare it to single cell
migration.

That previous work was focused on the experimental
findings on how collective behavior emerges from supracel-
lular transmission of contractile physical forces. The model
explained the physics behind this phenomenon and was able
to reproduce the main experimental results shown there.
However, due to the main focus on the experimental find-
ings, the implications and regulation of the proposed model
were not explored. Here, we provide an in-depth analysis of
the proposed molecular clutch model of collective durotaxis.
We incorporate improvements and adjustments to simulate
larger time ranges, and we present novel results of the model
such as the analysis of the effect of adhesion size or actin
velocity. Crucial aspects such as myosin activity, adhesion
density, and substrate stiffness sensing are analyzed through
a sensitivity analysis. We conclude that collective migra-
tion is much more efficient than single cell migration. Force
transmission, adhesions size as well as the substrate stiff-
ness difference between adhesive areas are crucial to regulate
stiffness-directed migration, and we show qualitative predic-
tions of the emergent behavior in each case.

2 Durotaxis model

We develop a generalized model for simulating single cell or
collective cell migration considering the dynamics of cell–
matrix adhesions. The model methodology is an expanded

version of the one previously presented in Sunyer et al.
(2016). These interactions are modeled using a discrete
approach based on a local clutch at the corresponding
edges of the cell. Fundamental aspects of the mathematical
approach are based on previous works that studied cell–ECM
adhesion dynamics in filopodia (Escribano et al. 2014). The
model consists of three main parts to simulate the dynam-
ics of cell population and to analyze their behavior during
migration: the cell monolayer, the ECM, and the adhesion
complexes, which are a conglomerate of adaptor proteins
that connect the other two parts (Fig. 1). The entire model
is composed by truss elements with different properties in
order to simulate the different parts. Cell monolayer con-
tains several cells bound to each other by cadherins, which
are simulated as springs.

Each individual cell is divided into three different parts
(Fig. 2): the first part is a central contractile rodwheremyosin
molecular motors apply forces to contract the actin filaments.
The second part consists of two adhesive zones flanking the
contractile part,whichbinds to theECMthroughdiscrete par-
ticles called adhesion complexes (ACs). Those represent the
different adapter proteins (such as talin, vinculin, paxillin,
and integrins) that bind the actin to the ECM (Kanchana-
wong et al. 2010; Condor and Garcia-Aznar 2017). Finally,
there is a protrusive part at each monolayer edge, where the
actin monomers polymerize. Due to the high number of ele-
ments involved in this kind of process and to the lack of
knowledge that there still exists in some of the involved phe-
nomena, some simplifications in the system are necessary
when building the model. Thus, this approach simplifies the
system by considering only the spatial direction along the
stiffness gradient. In the following sections, we describe the
mathematical formulation of themodel and its corresponding
numerical implementation.

The cellmonolayer consists of a set of cells, ncell , bound to
each other with cadherins. As we have described previously
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Fig. 2 Schematic of a single cell. Cell (upper horizontal bar) is con-
nected to the substrate (lower black bar) by the adhesion complexes
(ACs, blue bars). Contractile forces generated in the cell are transmit-
ted through these ACs to the substrate. The cell consists of a contractile
part, an adhesive part, and a protrusive part. The contractile part con-

tracts and pulls the rest of the monolayer. The adhesive part is formed
by actinmonomers and allows the cell to adhere to the substrate through
the ACs. The protrusive part enables the monolayer to expand, adding
new actin monomers to the adhesive part

Fig. 3 Explanation of the deformation tensor for contraction. Deforma-
tion tensor, Fc, is the consequence of myosin activity, and it contracts
the central part of the cell (orange). If there is no adhesion to the sub-
strate (gray) or the presence of other cells, no residual stress is generated,
and therefore, this deformation is compatible: Fcont = Fc. If there are

adhesion complexes binding the cell with the ECM, an internal residual
stress is generated by these parts and the deformation tensor is not com-
patible. In this case, an auxiliary compatibility tensor F0 that englobes
this internal residual stress is necessary to reach an equilibrium state:
Fcont = Fcont

o Fc

in Fig. 2, each cell is composed by three main parts. The
central contractile part of the monolayer is modeled as a
long truss element with variable length on which myosin
exerts a constant contraction, pulling on the adhesive and
protrusive parts. This contraction is included by means of
a gradient deformation tensor, Fc. This tensor provokes a
contraction in the contractile partwhich generates no residual
internal stress. However, the presence of other cells or the
adhesion complexes binding to the substrate might generate
residual internal stress which makes Fc incompatible. The
total deformation gradient due to contraction Fcont needs
to warrant compatibility in the mechanical equilibrium. To
make Fcont compatible, an auxiliary tensor Fcont

o is needed.
This tensor incorporates the internal residual stress of the
system caused by the presence of other cells or adhesions to
the substrate Thus, the total deformation is described by the
deformation gradient (Rodriguez et al. 1994; Reina-Romo
et al. 2010) (see Fig. 3):

Fcont = Fcont
o · Fc (1)

In general, kinematics of the deformation gradient are
expressed (Bonet and Wood 2008) as:

F = ∂∅
∂X

(2)

where themotion is described by amapping ∅ between initial
and current particle positions as: ∅ = x(X, t) .

If we consider a small displacement u(x) from the current
configuration ∅ = x(X, t), we can express the displacement
gradient tensor L as:

L = ∂u (x, t)

∂x
(3)

where the displacement gradient tensor corresponds to the
linearized deformation ε and rotation tensors w :

L = 1

2

(
L + LT

)
+ 1

2

(
L − LT

)
= ε + w (4)

Deformation gradient tensor can be written in terms of the
displacement gradient tensor L using the expression F =
1 + L, (1 being the unity second-order tensor). Then, if we
expand Eq. 1, we obtain:

Fcont = (
1 + Lcont

0

)
(1 + Lc) (5)

If we develop this formulation under the small deformation
assumption, we have that:

Fcont � 1 + Lc + Lcont
0 (6)
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Therefore, myosin creates a strain rate on this contractile seg-
ment that is regulated by the forces associated to the adhesive
complexes, Fcont

o . Hence, if there are no ACs connected to
the substrate, the contraction from the myosin only occurs
in the cell, and it is not transmitted to the substrate, then
Fcont
o = 1, and the total strain rate of the contractile segment

Fcont = 1 + Lc is maximum. If there exist ACs connect-
ing the cell to the ECM, the transmitted force increases
and opposes contraction, stalling myosin, and cell move-
ment when it reaches Fc, and then Lc = −Lcont

o , obtaining:
Fcont = 1.

The adhesive part is composed of a set of actin monomers,
each of them allowing the dynamic binding and unbinding
of adhesion complexes. This part has a length Ladhesive that
depends on the initial number of actinmonomers, nam, which
are separated a distance dam. nam is kept constant throughout
the simulation by balancing polymerization and depolymer-
ization at both ends of the adhesive part.

In a similar way, the polymerization part is located at the
cell edges in order to simulate the protrusion phenomenon
due to actin polymerization and depolymerization. This part
is also modeled as a long truss element with variable length,
with a constant growth Fp, pushing the other cells. Anal-
ogously to the contractile part, the total deformation in the
polymerization part can be divided into two terms and it is
described by:

Fpoli = Fpoli
o · Fp (7)

Under the small deformations assumption we obtain:

Fpoli = 1 + Lpoli
0 + Lp, (8)

where Fpoli is the total strain rate of the polymerization part,
Lp is the maximal strain rate associated to the cell growth,

and Lpoli
o is the strain rate due to the resistance that adjacent

cells exert on the current cell.
Hence, if there are no surrounding cells and both cell edges

are free, there is no constraint strain due to surrounding cells
(Fpoli

o = 1), and the total strain rate of the polymerization
segment ismaximumand equal to Fpoli = 1+ Lp. However,
if there are surrounding cells close to the studied cell, these
cells can regulate polymerization growth.

2.1 Particularization to 1D cell monolayer

Although the model is implemented in 2D, the mechani-
cal resolution of the whole system is one-dimensional (1D),
considering all the elements as trusses. Here we present the
model described previously in the particular case of the 1D
approach.

We simulate the myosin retrograde flow applying a
constant deformation to the contractile part, εc(t). The dis-
placement gradient tensor is therefore:

Lc(t) =
⎛
⎝

εc(t) 0 0
0 0 0
0 0 0

⎞
⎠ (9)

εc(t) is related to the maximum velocity of contraction for
the unloaded case (that is, without bound ACs) vc,max:

εc(t) = Lcell,c(t) − vc,max · �t

Lcell,c(t)
, (10)

where Lcell,c(t) is the length of the contractile part of the
monolayer and �t is the simulation step time. The elastic
modulus of the contractile part, Ecell,c(t), is updated at each
time increment to reproduce the known inverse relationship
between actin retrograde speed and maximum force exerted
by myosin, fm (Chan and Odde 2008).

vc(t) = vc,max

(
1 − fAC(t)

fm

)
(11)

where fAC(t) is the force exerted by the adhesion complexes
and vc(t) is the real contraction velocity for each time step.
fAC(t) is determined by the deformation of the compatibility
tensor Fcont

o , necessary to obtain the actual deformation of
the contractile part that corresponds to the total deformation
gradient due to contraction, Fcont.

To this end, Ecell,c(t) is updated so that the contraction
εc(t) produced by fm results in the maximum myosin con-
traction speed vc,max when divided by the duration of each
time step of the model, that is:

Ecell,c(t) = fm · Lcell,c(t)

εc(t) · Acell · �t
, (12)

where Acell is the cell area.
In a similar way, we propose the following formulation

for the polymerization. Polymerization only occurs in the
protrusive zones provoking their growth and, therefore, the
growth of the cell. The maximum polymerization elongation
is defined as

Lp =
⎛
⎝

εp(t) 0 0
0 0 0
0 0 0

⎞
⎠ (13)

with εp(t) related to the maximum polymerization velocity
vp,max (when there are no surrounding cells):

εp(t) = Lcell,p(t) + vp,max · �t

Lcell,p(t)
(14)
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This elongation produces a maximum polymerization force,
fp, exerted over the surrounding cells. In order to conserve
a linear relation between fp and the polymerization velocity,
the elastic modulus of this part is also updated at each time
step to ensure this relation:

Ecell,p(t) = fp · Lcell,p(t)

εp(t) · Acell · �t
(15)

The surrounding cells provoke a deformation corresponding
to the compatibility tensor Fpoli

o . So, the actual deformation
of the polymerization part is given by the total deformation
gradient due to polymerization Fpoli.

Therefore, Eq. 14 defines the kinematics associated to the
polymerization part of the cell. Hence, after computing Fpoli

by means of numerical simulations, the length of the con-
tractile part of the cell is updated at each time increment.
Depolymerization is also considered by means of updat-
ing the length; when the protrusive part length increment
is higher than the distance between two actins (dam), a new
monomer is added provoking the growth (of dam) of the adhe-
sion zone and the corresponding shrink of the protrusive part.
In order to keep the length of the adhesive zone constant at
each time that polymerization occurs, depolymerization is
forced at the other end of the adhesive zone, which ultimately
provokes a growth of dam in the contractile part. In this way,
the cell is growing as a consequence of actin polymerization,
whereas adhesion zone length is kept constant. The elastic
moduli of the contractile and protrusive parts are recalculated
at each time step in order to ensure the same linear relation
between the contraction or protrusion velocity and the force
that opposes to it.

It is important to remark that polymerization is what
causes the general cell/monolayer growth. There are no other
effects included in the model that causes the growth of
the monolayer. In fact, the cell growth is determined by a
competition between contraction and polymerization. Both
phenomena have been considered independent from each
other. Contraction total velocity depends not only on the
contraction itself but also on the adhesion with the ECM.
Polymerization depends on the actual polymerization veloc-
ity and the existence of other cells surrounding the part that
is polymerizing.

Finally, we note that the elastic moduli of the differ-
ent parts of the cell Ecell,c, Ecell,p, and Ecell,a (contractile,
polymerization, and adhesive) merely serve to reproduce a
contractile, stiff actin filament and they are not meant to
represent actual values of cell stiffness. In fact, the elastic
modulus of the contractile and protrusive part varies through-
out the simulation in order to ensure the same linear relation
(Eqs. 12, 15) between maximum force and maximum con-
traction independently of the current length of each part.

2.2 Substrate

The substrate is simulated as a set of truss elements with
total length Lsub and a cross-sectional area Asub. Note that
Asub does not coincide with the gel section in experiments
since the displacements observed in experiments do not occur
through the entire gel substrate depth, but only near the sur-
face. The substrate contains a set of ligand points, which
serve as anchoring points for the ACs and are separated a
fixed distance, dlig. To model the different stiffness gradient
conditions, the stiffness of each truss element Esub (between
ligands) is different depending on its spatial location. We
assume that the substrate behaves as a linear elastic material
where its elastic modulus is defined by Esub.

2.3 Adhesion complexes (ACs)

ACs are modeled as a bar in which one end binds to the
actin monomers and the other one to the ligands. Thus ACs
can be completely free and moving according to Brownian
dynamics, bound only at one edge, or bound at both edges.
Force transmission between cells and substrate only occurs in
the latter case. Brownian dynamics of free ACs are governed
by the Langevin equation (Kim et al. 2007), in which inertial
effects are neglected. If we consider the i-th AC,

dr i
dt

= 1

ξ
FB
i (16)

where r i corresponds to the current position of the AC, ξ is
the drag coefficient, and FB

i is a stochastic force. In order
to model the Brownian behavior of the adhesion complexes,
we consider that these complexes are subjected to stochas-
tic forces approximated as white-noise processes fulfilling
the hypothesis of the fluctuation-dissipation theorem (Doyle
et al. 1997), that is, they must satisfy the following relations:

〈FB
i (t)〉 = 0

〈FB
i (t)FB

j (t)〉 = 2kBT ξiδijδ(t − t
′
), (17)

where kB is the Boltzmann constant, T the absolute temper-
ature, ξi the drag coefficient, δi j the Kronecker delta, and

δ the Dirac delta function (it means that when t � t
′
, then

δ → ∞). In order to simulate these forces numerically, an
equivalent discrete form of the previous equations during an
individual time step, beginning at time t and ending at time
t + �t , is considered:

〈FB
i (t)〉 = 0

〈FB
i (t)FB

j (t)〉 = 2kBT ξiδi j

Δt
δ, (18)

where kB is the Boltzmann constant, T the absolute tem-
perature, δ the second-order unit tensor, and �t the time

123



A hybrid computational model for collective cell durotaxis

increment considered in the simulation. We considered for
simplicity that the geometry of the AC corresponds to a
sphere with drag coefficient ξi = 6πηrAC, being rAC the
radius of the sphere and η the viscosity of the medium
(Escribano et al. 2015).

Binding and unbinding of ACs to the actin filaments and
to the substrate are modeled through binding rates kbind and
unbinding rates kcbub. Binding rates are modeled according to
the Bell equation as a function of the distance between them:

kbind = k0bindexp (−λbind · db) , (19)

where λbind is the mechanical compliance for creating the
bond, k0bind is the zero-distance binding coefficient, and db is
the distance between the adhesion complex and the closest
ligand or actin binding site.

Unbinding is modeled as a catch/slip bond law, experi-
mentally proved in different integrins (Novikova and Storm
2013):

kcbub = exp (∅c − ∅) + exp (∅ − ∅s) , (20)

with∅ = Fb/F∗, where∅c,∅s are the parameters of the catch
and slip bond regimes, respectively, F∗ is used to normalize
the force, and Fb is the modulus of the current force for
the specific adhesion complex (modulus of the local force
transmitted from the cell to the substrate).

2.4 Model implementation

Computational simulations are implemented using the finite
elementmethod (FEM), under the assumption of small defor-
mations and considering that all the mechanical components
present a linear elastic behavior. Nevertheless, a dissipa-
tive analysis is required due to the friction between the cell
monolayer and the surrounding medium. All equations are
implemented in a C++ code developed by the authors. Sim-
ulations start with all the ACs unbound and free, and the
monolayer expanding symmetrically at both edges in such a
way that the speed of actin polymerization dominates over
contraction. Figure 4 shows the algorithm that is carried out
after initialization at each time step increment. The parame-
ters used in the model are given in Table 1.

We havemade a 1D approximation of a 3D problemwhere
we analyze the system in one direction (the one along the
gradient). Since we assume that this direction is much longer
than the other two, we can simulate all the elements as a
set of rods with a given length, area, and Young’s modulus.
The behavior of the system can be expressed in terms of the
global stiffness matrix, K (Hughes 1987). The displacement
field d at the cell monolayer and the substrate are computed
through the finite element method, considering both elastic
forces and a friction coefficient between the cell monolayer

Fig. 4 Computational algorithm for each time step. First we calcu-
late unbound AC locations through Langevin equation and then check
whether a binding event occurs. Binding depends on AC distance to
ligand or actinmonomer. After we apply cell contraction and actin poly-
merization and compute the resulting displacement field, then, from the
displacement field we calculate bound AC forces to determine whether
they unbind or not. If any unbinding event occurs, we recalculate the
displacement field and this process is repeated until no unbinding occurs
and the system is in equilibrium

and the surrounding medium, that is:

Cḋ + kd = F, (21)

where C is the viscous damping matrix only associated to
the cell monolayer (adhesive and protrusive parts) and F
is the external global force vector. For this particular model,
external global forces are zero (F = 0) since cell contraction
and polymerization are included as a deformation of the bar,
and therefore, they are considered as internal forces.

The global stiffness matrix K is built from the assembly
of the local stiffness matrix at each element i :

K i =
⎛
⎝

Ei Ai

Li
−Ei Ai

Li

−Ei Ai

Li
Ei Ai

Li

⎞
⎠ , (22)

where Ei is the elastic modulus of the element i (belonging
either to the cell, the substrate, or the adhesion complex), and
Ai and Li are the area of the rod section and length of the
rod, respectively (Hughes 1987).

A particular convenient form of the viscous damping
matrix associated to the degrees of freedom of the cell mono-
layer (in the adhesive and protrusive parts) is the Rayleigh
damping matrix:

C i = ς

ρ
M i = 1

2
ςLi

(
1 0
0 1

)
(23)

where ς is the friction coefficient associated to the surround-
ing medium (this coefficient is fixed to be Kg/nm.s to assure
adequate units of Ci as Kg/s.), ρ is the density of the cell
monolayer, and M i is the diagonal mass matrix associated
to the cell monolayer.
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Table 1 Model parameters

Parameter Symbol Value

Boltzmann energy kBT 4.142 × 10−21 (J)

Myosin force fm 630 (pN)

Unloaded contraction velocity vc,max 80 (nm/s)

Polymerization force fp 15 (pN)

Maximum polymerization velocity vp,max 12 (nm/s)

AC radius rAC 40 (nm)

Force to normalize parameters in
catch bond law

F∗ 3 (pN)

Nondimensionalized force of catch
curve in catch bond law

∅c 0.6025

Nondimensionalized force of slip
curve in catch bond law

∅s 10.2112

Medium viscosity for the AC arm η 8.59 × 10−4 (Pa s)

Friction between cell and the
surrounding medium

ς 3.5 × 104 (Pa s)

Mechanical compliance of the AC
for creating the bond

λbind 0.1 (nN−1)

Zero-force binding coefficient k0bind 100 (s−1)

Cell adhesive part elastic modulus Ecell,a 5 × 107 (Pa)

Monolayer total length Lcell 5 × 105 (nm)

Cell area Acell 8 × 105 (nm2)

Cell adhesive part length Ladhesive 6 × 103 (nm)

Distance between actin monomers dam 25 (nm)

AC spring constant KAC 0.1N/m

Substrate length Lsub 2.5 × 106 (nm)

Substrate area Asub 2.2 × 107 (nm2)

Distance between ligands dlig 100 nm

Simulation step time �t 0.03 s

Total time of the simulation T 360 s

These parameters could be found in the literature, and their values
are maintained within a range. Myosin force and unloaded contrac-
tion velocity have been selected within the ranges observed in previous
works (Elosegui-Artola et al. 2014, 2016). Parameters of the catch bond
law are according to average lifetime reported for FN − α 5 β 1 (Kong
et al. 2009). Actin polymerization velocities are obtained from values
reported for actin flowaftermyosin inhibition (Gardel et al. 2008). Bind-
ing properties have been selected in order to ensure a strong adhesion
which allows a better force transmission; values are within the range
used in (Elosegui-Artola et al. 2014). Size of the adhesion complexes is
within the range of experimental observations of focal adhesion archi-
tecture (Kanchanawong et al. 2010). Polymerization velocity is set, so
total growth of the monolayer correlates with experimental observation
(Sunyer et al. 2016). Polymerization force is set within values reported
in (Ananthakrishnan and Ehrlicher 2007)

Due to the time dependence of the model, in order to solve
themechanical problem at each time step, we use a backward
Euler method, that is:

Cvn+1 + Kdn+1 = Fn+1 (24)

vn+1 = dn+1 − dn
�t

(25)

where dn+1 and Fn+1 are the temporal approximations of
d(tn+1) and F(tn+1), respectively. In particular, we have
implemented the d-form proposed by Hughes (2012):

1

�t
(C + �tK ) dn+1 = Fn+1 + 1

�t
Cdn . (26)

3 Results

We aim to test the ability of themodel to predict the durotaxis
event under different conditions according to experimental
measurements. We use different types of substrates with dif-
ferent stiffness gradients: steep gel, shallow gel, and uniform
gel (constant rigidity). Steep gel possesses a higher gradient
than the shallow gel (Fig S1). We simulate a cell monolayer
for a specific length placed in different initial position on
the substrate (different initial stiffness) for each of the gra-
dients. We refer to this initial position as stiffness offset.
The only parameter tuned for the different conditions is the
elasticity modulus of the substrate, in order to reproduce the
corresponding stiffness gradient and the initial monolayer
stiffness offset, that have been used in the experiments.

Durotaxis in the model is caused by two different pro-
cesses. The first one is the mechanical balance between the
forces transmitted through the adhesions at both ends of the
cells. Force balance causes the deformation of the substrate,
which is higher in the softer part than in the stiffer part. This
generates a directional movement toward the stiffer part (see
Fig S2 and video S3). The second one is cell growth. Two
mechanisms affect cell growth: the actin retrograde flow that
is originated bymyosin activity and provokes the cell shrink-
ing, and actin polymerization, which causes cell growth.
Balance between these two effects results in the effective
cell growth velocity.

We test our model under different conditions. First, we
establish two behavior hypotheses in order to understand
the difference between single and collective cell migra-
tion and observe how different stiffness offsets in the gel
along the stiffness gradient influence the effectiveness of the
directional movement. Moreover, we compare our numeri-
cal results with experimental data. Then, we study different
aspects on both edges of the monolayer (low and high stiff-
ness) for different offsets and different gels: their movement
and the actin retrograde velocity. Finally, we perform a
sensitivity analysis identifying different parameters that are
relevant to the durotaxis processes.

Results shown in this work are based on experimental
results obtained by the same authors in Sunyer et al. (2016).
Here, we use the same stiffness gradients and similar stiff-
ness offsets in order to validate the model output with the
experiments. The validation of the results is carried out in
terms of velocity. In order to compare displacement results

123



A hybrid computational model for collective cell durotaxis

Fig. 5 Isolated versus collective cell behavior. Comparison between
both hypotheses proposed for cell movement. Cell (orange) contraction
forces, originated by myosin activity, are transmitted to the substrate
by the adhesion complexes. These adhesion complexes adhere to the
actin monomers in the cell and to the ligands in the ECM. The ECM
is composed by a set of springs in series. Each spring has different
stiffness in order to simulate the rigidity gradient. In isolated behavior
each cell behaves in an independent way. Each of them adheres to the
substrate transmitting the force. In collective behavior, cells inside the

monolayer are driven by the cells in the border. Adhesion and therefore
force are concentrated at the monolayer edges. (a) and (b). Schematic
for each type of behavior. For collective behavior (b), since adhesion
only occurs at both ends, themonolayer is simulated as a long single cell
for simplicity. c Simulation results of force exerted by the monolayer
over the substrate for isolated behavior at the final time step (mono-
layer composed by 7 cells). d Simulation results of force exerted by the
monolayer over the substrate for collective behavior at the final time
step

with experimental data, simulations are linearly extrapolated
from 6minutes to 10 hours to accelerate calculation time due
to the great number of different offsets. Simulating ten hours
is computationally expensive, and the results do not change
significantly (Fig S4).

3.1 Collective cell durotaxis is more efficient than
isolated cell durotaxis

First, we compare isolated and collective behavior (Fig. 5). In
isolated behavior, each individual cell contracts and adheres
to the ECM on both sides. Each cell behaves as if it is iso-
lated, without showing any kind of collective behavior. Our
simulations show that cells inside the monolayer exert peak
forces over the ECM, Fig. 5c. However, it has been observed
experimentally (Tambe et al. 2011; Sunyer et al. 2016) that

higher forces are more likely to concentrate in both ends of
the monolayer than in the middle of it. This suggests the
existence of a mechanism that regulates collective behav-
ior where cells in the middle are driven by the cells on the
monolayer border. Based on these observations, wemake the
assumption that only cells in the monolayer edges adhere to
the substrate and that forces inside the monolayer are fully
transmitted through cell–cell adhesion fromone edge to edge.
In order to simulate this collective cell behavior, for simplic-
ity, we assume the monolayer as a long cell that only adheres
at its border (Fig. 5b). We can observe that for this case,
forces concentrate on the monolayer borders (Fig. 5d).

With the aim of testing the efficiency of both mechanisms
in exhibiting durotaxis, we run a test wherewe place different
monolayers in different initial stiffness offsets and we track
the movement of the monolayer center (Fig. 6). Simulations
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for both hypotheses are compared with experimental data
(Sunyer et al. 2016). Tests are done for two different rigidity
gradients (steep gel and shallow gel) and a case with constant
rigidity (uniform gel). Cell monolayers with isolated behav-
ior exhibit considerably lower durotaxis than experimental
results and barely show sensitivity to the stiffness offset.
These results for isolated behavior also correlate with exper-
imental observations where cell connections were altered by
the depletion of α-catenin in order to avoid collective behav-
ior (Sunyer et al. 2016). Force transmission between cells
and ECM inside the monolayer critically reduces their abil-
ity to sense the stiffness gradient and provokes a reduction
on the directional movement toward the stiffer part. Results
for collective behavior assumption, where force accumulates
at the borders of the monolayer, show a considerable higher
ability to follow the stiffness gradient and more sensitivity
to changes in the stiffness offset. In general, durotaxis is
higher when the monolayer is initially placed in the softer
substrate position. The ability of cells to migrate with direc-
tionality is coupled with the rigidity gradient that they are
able to sense. This is determined by the difference in the
substrate stiffness between both sides where the cell mono-
layer is attached. When the cell monolayer is placed in the
softer part of the gradient, the stiffness difference between
both sides is higher than when it is placed in the stiffer part
due to the exponential nature of the stiffness gradient. For
gels without rigidity gradient (Fig. 6c) directional movement
is lost, and the monolayer grows symmetrically toward both
sides.

3.2 Stiffer edge of the cell monolayer advances
faster than the softer one

Ifwe analyze both edges of themonolayer (Fig. 7)weobserve
that the edge located in the stiffer part grows faster than
the one located in the softer one. The growth of each part
depends on the stiffness of the substrate where it is located.
If we observe actin retrograde velocity of each side of the
monolayer (Fig. 8) we find that in the stiffer part retraction
velocity is lower than in the softer part for both steep and
shallow gels. This is consistent with previous experiments,
where this same effect was described (Sunyer et al. 2016).

A constant polymerization velocity with a lower retrac-
tion velocity means a higher growth. This higher growth of
the stiffer part, coupled with the movement toward the stiffer
part of the monolayer due to the force balance and the higher
deformability of the softer part, provokes the higher growth
in the stiffer part of the cell monolayer observed in the sim-
ulations (see video S5).

Fig. 6 Isolated versus collective durotaxis. Movement of the center of
mass of different monolayers after 10 h. Cell monolayers are placed in
different initial positions of the substrate (stiffness offset). The horizon-
tal axis represents the initial rigidity at which the monolayer center is
placed in the substrate rigidity gradient. Color represents the two dif-
ferent hypotheses of behavior: isolated behavior (green) and collective
behavior (blue). Red color corresponds to experimental measurements
from Sunyer et al. (2016). Numerical results correspond to the mean of
a sample with a population n=10. Error bars are the standard deviation.
aMovement of the center of mass with a steep gel. bMovement of the
center of mass with a shallow gel. cMovement of the center of mass in
a uniform gel (without rigidity gradient)
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Fig. 7 Cell monolayer edges
growth. Position of both edges
of the cell monolayer (horizontal
axes) during the simulation time
(vertical axes). Left column
corresponds to steep gel and
right column to shallow gel. a, b
Stiffness offset of 9 kPa. c, d
Stiffness offset of 21 kPa

Fig. 8 Actin retrograde velocity
comparison between both cell
monolayer edges. Actin
retrograde velocity average of
one simulation case for the two
different rigidity gradients.
Velocity difference between stiff
and soft edge is shown. Error
bars correspond to the standard
deviation. a Results for a 21-kPa
stiffness offset. b Results for a
9-kPa stiffness

3.3 Larger monolayers are more sensitive to
stiffness gradients

In order to test the ability of cells to migrate with stiffness
directionality depending on the rigidity gradient that they are
able to sense, we change the monolayer length (Fig. 9a, b)
for steep and shallow gels, respectively. We observe that a
variation in the length results in a variation of the rigidity
gradient that the cell monolayer is able to sense, and it influ-
ences the ability of cells to move toward the stiffer part of

the substrate. Increasing the monolayer length, and therefore
the rigidity difference between both adhesive parts, increases
directional migration.

This correlates with experimental observations (Sunyer
et al. 2016), and it also explains the mechanism by which
collective migration is more effective than single cell migra-
tion. In our simulations, single cell would correspond to a
monolayer of the size of a cell, which will show much less
sensitivity to the gel gradient.
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Fig. 9 Sensitivity analysis. Displacement of the cell monolayer center
for different stiffness offset. Key parameters are changed, and results
are compared to the reference case. The first column corresponds to a
steep gel and second column to a shallow gel. Results are the average
of n=5 simulations, and error bars correspond to standard deviation.

a, b Variation in the monolayer length. c, d Change in the contraction
force of the monolayer. e, f Variation in the number of adhesion com-
plexes available in each adhesion zone. g, h Ligand density, tuned by
modifying the separation between the ligands in the substrate
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Fig. 10 Cell–ECM discrete
adhesion number. Average
number of adhesions (bound
adhesion complexes) during the
total simulation time.
Simulations correspond to an
offset of 9 kPa for both steep and
shallow gel. a Variation in the
number of adhesion complexes
available in each adhesion zone.
b Varying distance between the
ligands in the substrate

3.4 Myosin contractility promotes durotaxis

Cells are able to sense the rigidity gradient by means of force
transmission from the cytoskeleton to the substrate through
adhesion proteins. Therefore, we expect to obtain a reduction
in the gradient sensitivity by means of decreasing this force
transmission. To this end,we study the role of cell contraction
on the cell monolayer migration. Figure 9c and d shows that a
reduction in myosin contractile force also reduces durotaxis.
This effect correlates with experimental observations (Sun-
yer et al. 2016), where blebbistatin added to reduce myosin
contractility provoked monolayers to grow more uniformly
at both edges, therefore exhibiting less durotaxis.

3.5 Adhesion is crucial to regulate durotaxis

Cell–matrix adhesion has a relevant impact on force trans-
mission. Therefore, we expect to obtain a significant impact
on directional migration when we modify adhesion charac-
teristics. We simulate this effect by changing AC density
at each side of the monolayer. In Fig. 9e and f we observe
that a reduction in adhesion also reduces the ability of the
monolayer to sense the stiffness gradient, provoking a more
uniform growth at both edges which ultimately results in less
durotaxis.

A different way of tuning adhesion in the model is to
change the ligand density in the substrate. This could be done
by reducing or increasing the distance between them. Results
are shown in Fig. 9g and h where the same effect as the one
observed with the change in AC density is obtained.

Figure 10 shows how the average number of discrete
adhesions for different cases confirms that the number of
adhesions is indeed responsible for the observed behavior.

4 Discussion

Wehave proposed a computational approach that explains the
well-known low to high stiffness motion in substrates with

rigidity gradients as an emergent phenomenon caused by the
force balance between cell–ECM adhesions. In our model,
durotaxis occurs due to the ability of cells to deform the sub-
stratemore in the part of lower stiffness than in the stiffer part.
Then, force balance results in preferential directional move-
ment toward the stiffer part. Previous interesting approaches
for modeling durotaxis (Novikova et al. 2017) explained this
phenomenon for single cells as a persistence-driven process.
The persistence time of cell motion was dependent on sub-
strate rigidity, and based on experimental observations, it
was set higher for stiffer substrates. Our physical approach
offers a different way of explaining durotaxis, although it
is complementary to this previous explanation. In fact, we
could observe how higher persistence movement for stiffer
substrates emerges from our simulations (Fig S6). It is also
worth to mention some other works where negative duro-
taxis was reported (Singh et al. 2014; Bookholt et al. 2016;
Hartman et al. 2016). The fundamental physics of the duro-
taxis phenomenon presented in this work is not contrary to
what it was observed in these other previous works. In fact,
migration is the result of the competition between different
mechanisms, not only durotaxis as we have considered in
this work. If cues due to durotaxis are not as strong as others,
like chemotaxis, durotaxis is not going to be themainmecha-
nism that regulates migration. This might result in migration
toward softer parts of the matrix depending on these other
potential mechanisms activated by other stimuli (Del Amo
et al. 2017). Actually, even in the absence of other different
factors regulating migration, in single cells or very shallow
stiffness gradients cases, the mechanotransduction mecha-
nism proposed here might not be strong enough to regulate
migration. In such cases migration could be regulated by
other force-sensingmechanism like sub-micrometer contrac-
tions that occur in a few seconds at the cell borders during
the formation of nascent integrin adhesions (Wolfenson et al.
2016).

Model is designed to reproduce experiments of 2Dmigra-
tion, and it could also be valid for 3Dmigration. However, we
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have to keep in mind that although the physics that regulate
our model are still valid in 3D migration, their contribution
to the overall competition between the different mechanisms
that regulates migration is going to be much less effective
than in 2D migration. In 3D migration there are additional
effects regulating migration that are not present or have less
impact in 2D migration, such as pore size, porosity, per-
meability, and matrix degradation. In fact, 3D migration is
impaired by steric hindrance (Lang et al. 2015; Del Amo
et al. 2017; Movilla et al. 2017)

The model presented here allows us to compare single
motility with collective cell migration and to understand the
underlyingmechanisms thatmake collectivemigrationmuch
more efficient than single cell migration. For this matter,
we consider two main types of behavior for cell mono-
layers: collective or isolated. In isolated behavior all cells
contract and adhere to the substrate as individual entities. As
a consequence of this individual connection to the substrate,
transmission of forces between cell–cell connections is not
effective, impeding cellmonolayer fromsensing the gradient.
All of this results in much less efficiency in durotaxis. This
is in line with previous experimental results where cell–cell
junctions were inhibited (Sunyer et al. 2016) and directional
movement toward the stiffer part was critically reduced.
For collective behavior, based on experimental observations
(Tambe et al. 2011; Sunyer et al. 2016), we assume that
forces exerted over the substrate accumulate at both edges
of the monolayer. Cells inside the monolayer do not adhere
to the substrate and are driven by the cells in the border. This
provokes a more efficient transmission of forces through the
monolayer, enabling a better stiffness gradient sensingwhich
ultimately results in higher durotaxis. In order to simulate this
behavior, for simplicity, we simulate all the monolayer as a
long single cell that only adheres to the monolayer at their
edges. The reason for this is that if passive cells inside the
monolayer do not adhere to the substrate, then their contrac-
tion and polymerization in the model are formally equivalent
to simply considering one big cell. For this case durotaxis is
clearly observed.

Results are also in concordance with other previous works
that showed that collective movement is more efficient
than isolated cell movement (Merkher and Weihs 2017).
Moreover, results in both behavior hypotheses (isolated and
collective) correlate with experimental data of our previous
work (Sunyer et al. 2016), showing the same trend and adjust-
ing with relative accuracy. We do not only validate results in
terms of final displacement of the monolayer, but we also
observe how actin velocities and monolayer growth emer-
gent behavior correlate with experimental measurements.

A sensitivity analysis shows interesting evidence on how
durotaxis can be regulated by different mechanisms. Cell
monolayer size regulates gradient sensing. Single cells sense
a smaller range of the stiffness gradient than a cell mono-

layer. This difference increases as the monolayer becomes
bigger. Force transmission from the cell to the substrate is
also observed to play a major role in gradient sensing. By
reducing myosin contractility, we also obtain a decrement
in durotaxis. The same effect is reported when reducing the
overall localized number of cell–substrate adhesions. In fact,
substrate adhesions have been reported as a crucial factor in
other works on durotaxis (Plotnikov et al. 2012; Yu et al.
2017). Adhesion is known to be higher in the stiffer part
than in the softer part. In our work, adhesion properties are
only modeled in terms of a catch-slip bond law, with no spe-
cific relation to stiffness. If we compare adhesion in different
rigidities (Fig S7), we observe that in the stiffer parts adhe-
sion is slightly higher, although difference is not significant.
Promoting this adhesion difference in terms of rigidity seems
a complementary way of promoting durotaxis.

There are some aspects that have not been considered
here and could also play an important role in durotaxis, for
example, cell proliferation in the monolayer, adhesion spa-
tial distribution on a 2D plane, or the previously mentioned
more significant difference between overall adhesion number
in softer parts of the gel than in stiffer parts of the gel which
could be modeled as the well-known adhesion reinforcement
that occurs under higher force rates (Elosegui-Artola et al.
2014). However, in summary, our model presents an intu-
itive approach to simulate durotaxis as the consequence of
the cell’s ability to deform the substrate more in its softer
part than in the stiffer one. This explanation is compatible
and consistent with other models proposed in the literature
(Novikova et al. 2017). The possibility of simulating not only
single cells but also collective migration under stiffness gra-
dients adds a significant advance to the existing literature.
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