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ABSTRACT We use mathematical modeling and simulation to investigate how filament turnover and mechanics influence
contractility and bundle formation in disordered actomyosin networks. Using a two-dimensional agent-based model for an acto-
myosin network, we investigate four simplified models for filament turnover: uniform, biased, branching, and treadmilling. With
no turnover, over time contractility decreases and bundle formation increases, and networks eventually form stationary patterns
that cannot contract. Introducing turnover allows contractility to persist longer compared with the no-turnover scenario. Uniform
turnover, where new filaments have random positions and orientations, disrupts bundle formation and enables persistent
contractility. In biased turnover, branching, and treadmilling, the positions and orientations of new filaments depend on the ex-
isting network. These nonuniform turnover models increase bundle formation compared with uniform turnover, while still allow-
ing long-term contractility. Branching at 70° disrupts bundle formation to enable prolonged contractility, whereas filament
treadmilling disrupts the trade-off between bundle formation and contractility. Biased turnover places new filaments near existing
ones, which promotes bundle formation but is less effective at maintaining contractility. Simulations showed that more bendable
filaments accelerate bundle formation, while higher effective cross-linking friction enhances contractility. Our results suggest
that cells can tune contractility and bundle formation in disordered actomyosin networks by varying actin turnover pathways.

SIGNIFICANCE In muscle cells, crystal-like actin-myosin arrays generate contractions by a well-known mechanism.
Disordered actomyosin networks of nonmuscle cells are also able to contract, but the respective mechanisms are much
less understood. One of the main factors affecting this disordered contractility is actin filament turnover. We use
mathematical modeling to investigate how different modes of actin turnover influence contractility and bundle formation.
Without turnover, actomyosin networks form patterns that lose contractility. Uniform and branching turnovers disrupt
bundle formation, enabling persistent contractility. Actin treadmilling disrupts the trade-off between bundle formation and
contractility, whereas spatially biased turnover hastens bundle formation, inhibiting long-term contractility. Our study leads
to mechanistic understanding of how different modes of actin turnover affect network bundling and actomyosin contractility.

INTRODUCTION Actin filaments, with lengths on the micron scale (4-6), are
polar, with distinct plus and minus ends. Myosin motor
clusters bind to F-actin filament pairs and generate force
and movement toward filament plus ends (7). Actin fila-
ments are also interconnected by dynamic cross-linker
proteins that restrict relative motion between filaments,
but do not move actively along them (8). These actions
generate dynamic and contractile actomyosin networks
(9-12). Throughout this work, we will refer to actin fila-

The actin cytoskeleton is a dynamic network of actin fila-
ments (F-actin) and actin-binding proteins shaping cells
(1). Interactions between F-actin and clusters of myosin-II
motors form actomyosin networks, which generate the me-
chanical forces enabling cell movement and division (1-3).
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crystalline order (13), enabling contraction by the well-un-
derstood sliding filament mechanism (7,13). However,
sarcomeric structure is not a necessary condition for acto-
myosin contraction: in nonmuscle cells, filaments are ori-
ented and distributed with much less order. Here, we will
not discuss force generation in stress fibers, ubiquitous in
nonmuscle cells (14,15) but sharing some features similar
to sarcomeric structures in muscle cells (16). Instead, we
will focus on the problem of the actomyosin contraction
in disordered networks of the kind characteristic for the
cell cortex (3,17,18).

Modeling and simulation have been used to investigate
actomyosin contraction (12,17,19-34). Relevant agent-
based models include the publicly available software
Cytosim (35), AFINES (36), and MEDYAN (37). These
studies have shown that actomyosin contractility depends
on factors including filament geometry (17,27,29), bending
(18,23) and buckling (30,32), protein friction (18,23), cross-
linking (22,26), delayed myosin unbinding (19), drag forces
(23), and filament treadmilling (12). Other studies have
focused on bundle formation in actomyosin networks (38—
41). Cross-linking (42-45) has been shown to be the
key for bundle formation in networks without myosin.
Recent computational studies of bundle formation in acto-
myosin networks have demonstrated how cross-linking
(37,40,46-48), initial orientation (47,49,50), motor density
(47,49,51), kinetics (52), and treadmilling (47,49) affect
bundle formation.

Some of these models showed, in particular, that filament
turnover (dynamic assembly and disassembly) disrupts
more stationary patterns, such as bundles, forming in the
networks (53), and leads to prolonged -contractility
(6,18,48,54,55). In cells, specialized mechanisms regulate
various modes and rates of filament turnover (56). We
condense these complex molecular mechanisms into four
simplified turnover models: uniform, biased, branching,
and treadmilling. In uniform turnover, newly recruited fila-
ments have random positions and orientations. Unlike uni-
form turnover, in biased, branching, and treadmilling
turnover the positions and orientations of new filaments
depend on the existing network architecture.

In this article, we investigate how mechanics and filament
turnover affect contractility and bundle formation in disor-
dered actomyosin networks. We adapt the mechanical
model for filaments and motors of (23) and simulate
network evolution with four different models of filament
turnover: uniform, biased, branching, or treadmilling. We
quantify contractility and bundling, and then vary turnover
rates, modes to investigate their effects on contractility
and bundle formation. Without turnover, filaments form sta-
tionary bundles that lose contractility. In general, nonuni-
form turnover increases bundle formation compared with
uniform turnover, while still enabling persistent contrac-
tility. Branching prolongs contractility by disrupting bundle
formation, whereas treadmilling lessens the trade-off be-
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tween bundle formation and contractility. Mechanical fac-
tors, especially filament flexibility and protein friction,
also promote contractility and bundle formation.

MATERIALS AND METHODS

We use a two-dimensional (2D) agent-based model to investigate how turn-
over and mechanics influence actomyosin bundle formation. We simulate
the model using code written in Julia, quantifying both network contrac-
tility and bundle formation.

Mechanical model

We represent filaments as chains of nodes connected by stiff linear springs,
each spring having the same equilibrium length (23,29). Filaments are
semiflexible (57), and experience small-but-significant bending deforma-
tion. We represent motors as two nodes (motor domains) connected by a
spring with zero equilibrium length (23,29). Motors attach to filament pairs
at their intersection, and each node moves toward the plus end of the
attached filament according to a linear force-velocity relationship (58)
(see Fig. 1 B). The degrees of freedom of our model are the vector-valued
filament node positions, and the relative positions of motors along the
filaments.

We do not explicitly model the movement of unattached motors or mo-
tors attached to a single filament. Instead, we remove motors from the
network at a rate given by Bell’s law (59) to simulate force-dependent un-
binding, and also remove a motor if either motor domain reaches the plus
end of a filament. When a motor is removed, we immediately replace the
removed motor with a new motor located at an intersection between a
pair of filaments. We select the filament-filament intersection at which to
place the new motor randomly. While this approximation is relatively
restrictive, our approach to motor binding and unbinding ensures that the
number of motors remains constant at all times during the simulation.

Our model includes protein friction at all intersections between pairs of
filaments that do not have an attached motor. We model protein friction as a
pointwise viscous drag that penalizes relative motion between two inter-
secting filaments at their intersection. In practice, protein friction might
represent cross-linking of a filament pairs (10), or contact-like forces be-
tween two filaments (60). Protein-friction forces are larger than hydrody-
namic friction between filaments and the cytoplasm, and have similar
magnitude to forces exerted by motors (60). Schematics of the filaments,
motors, their interactions, and the relevant mechanical forces are illustrated
in Fig. 1, A and B.

We express our mechanical model as the system of force-balance
equations,

0 = Fa, drag — OE; bena —
+ Fra

6Ea4 spring + Fa, pf — 5Em spring

ey
The first four terms on the right-hand side of (1) are the mechanical con-
tributions of the filaments. The symbol F, 4. represents viscous drag
between the filaments and the cytoplasm. The filament bending force
is the variation of the filament bending energy Ej, vend, Where E, pend in-
tegrates elastic potential energy along the filament length. The variation
of E, spring 15 the sum of spring forces for each segment between adjacent
nodes of a filament. We assume that each spring satisfies Hooke’s
law, with spring constant k,. Since filaments are effectively inextensible
(61), we assume a large value of spring stiffness, k, = 1000 pNym™!,
for every filament segment. The symbol F, ,; represents viscous drag
forces due to protein friction. These forces apply pointwise at intersec-
tions between filaments, and penalize relative motion of the intersecting
filaments.
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FIGURE 1 (A and B) Schematic of filaments,
motors, and their interactions, and mechanical
features included in the model. (C) Example of
a random initial condition used in the simula-
tions. (D-G) Illustration of the different models
for filament turnover considered in this study.
In each sketch, dark blue curves represent fila-
ments (arrows indicate minus ends and tridents
indicate plus ends). Dashed curves illustrate the
random selection and removal of a filament
from the network, and red curves represent
newly added filaments due to turnover. Where
appropriate, light blue filaments represent a
reference filament on which the newly added
filament is based. (D) Uniform turnover, where
the new filament has random position and orien-
tation and zero curvature. (E) Biased turnover,
where the new filament is a copy of an existing
filament, with a translation and rotation, and
sometimes polarity reversal. (F) Branching

turnover, in which new filaments appear at an angle of 70° to existing filaments. (G) Treadmilling turnover, where a filament depolymerizes

(shrinks) at its minus end and polymerizes (grows) at its plus end.

The final two terms on the right-hand side of (1) are mechanical contri-
butions from motors. We represent motor-stretching forces as the variation
of spring energy En, spring- Like filaments, we assume that a spring satis-
fying Hooke’s law connects the two motor nodes. We assume this spring
to be stiff, with spring constant k, = 1000 pNym™!, to maintain a motor
length close to zero throughout the simulation. The final force term, F, 5,
models filament-motor interactions, for which we adopt a linear force-ve-
locity relationship. Like the model of (23), we neglect thermal forces,
which can accelerate bundle formation but do not affect the eventual
morphology (42).

Turnover models: Uniform, biased, branching,
and treadmilling

Turnover refers to the continuous exchange of network components
between the network and cytoplasm (6). To maintain the total number of
filaments throughout a simulation, we implement the simplified representa-
tion of filament turnover by removing a filament (and any motors attached
to the filament) from the network with certain rate, and immediately replac-
ing the removed filament (and motor, if applicable) with a new one. This is
often a realistic scenario, as the ends of the filaments are usually capped for
some time, after which these filaments are rapidly disassembled by severing
(62,63). Similarly, filament addition can be considered instant, as the dura-
tion of filament growth after nucleation is often much shorter than the time
interval after the end capping, before the disassembly starts (62). Models
often consider actin turnover whereby the position and orientation of new
filaments is random (6,18,23). However, both filament disassembly and
nucleation rates depend on the concentrations of several types of actin-bind-
ing proteins (62,64,65) that are not uniformly distributed in space, so fila-
ment turnover could exhibit spatial bias. Indeed, turnover often involves
a polarized flux of actin toward specific regions in the cell, indicating spatial
nonuniformity (56).

We implement four turnover models: uniform, biased, branching, and
treadmilling turnover. Regardless of turnover model, we assume that fila-
ments undergo turnover with constant rate ko4, same for every filament.
The probability that a filament turns over in one time step of the simula-
tion is then Pymover = 1 — e ke’ where At is the time step size. In
uniform turnover, new filaments have zero curvature, and have positions
and orientations chosen at random from uniform distributions (see
Fig. 1 D). In contrast, the existing network architecture influences the po-
sitions and orientations of new filaments in biased, branching, and tread-
milling turnover.

Biased turnover (Fig. | E) captures a tendency for new filaments to
form close to existing ones, for example, due to the nucleating factor
associating with existent filaments. In biased turnover, after removing
a filament we introduce the new one by first copying an existing refer-
ence filament selected at random from those remaining in the network.
We then rotate the newly copied filament about its center, by a normally
distributed random angle 6 ~ N'(0, afg), and translate the rotated fila-
ment by a vector x € R* = (x,y) ~ (N(0,62,), N'(0, 62,)), where x
is dimensionless and scaled by domain width. The standard deviations
0.0, Oy, and o;, are model parameters. Smaller standard deviations
result in stronger bias. When implementing biased turnover, we also
swap the plus end and minus end of the new filament with probability
Py. In typical simulations, we set Py, = 0.5. Reversing the filament
polarity mimics the observation that plus ends and minus ends alternate
in stress fibers (14).

Filament branching mediated by the Arp2/3 complex (66) is another
turnover scenario. Arp2/3 stimulates nucleation of new daughter
filaments that grow at an angle of 70£7° from the side of the mother
filament (66). To implement branching, we remove a filament from
the network and introduce a new filament with zero curvature whose
minus end coincides with a random position along a randomly
selected existent filament. The new filament is oriented at a 6,
degree angle from the relevant segment of the reference filament.
We simulate networks with different values of 6,, but 8, = 70° corre-
sponds to Arp2/3-mediated branching. Branching turnover is illustrated
in Fig. 1 F.

Treadmilling represents actin filament remodeling by simultaneous plus
end polymerization and minus end depolymerization (62,67-69). To imple-
ment treadmilling, we remove the filament segment closest to the minus
end, and add a new segment to the filament at the plus end (Fig. 1 G).
We assume that new segments have the equilibrium segment length and
the same orientation as the adjacent segment.

Numerical methods

We implement the model in a spatially 2D simulation environment written
in Julia. Our code simulates network evolution using discrete, equispaced
time steps. In each time step, we first simulate filament turnover and motor
binding and unbinding. We then solve the force-balance equation (1) to
implement the mechanical component of the model. We solve the mechan-
ical model by obtaining the filament and motor positions that minimize the
functional
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E = Ea, drag + Ea, bend T Ea, spring + Ea, pf

2
+ E‘m7 spring + Em,a~ ( )

Each term in Eq. (2) corresponds to a term in the force-balance equation
(1). The symbols E; drag, Ea pt, and Ep, 4 denote terms whose variations
are finite-difference approximations of the forces Fy qrag, Fa, pr. and
Fr., respectively, which we interpret as dissipative energies in the
context of Onsager’s variational principle (70). The mathematical forms
for the energy terms in Eq. (2) are included in the supporting material. In
Julia, we minimize the energy functional equation (2) using the limited-
memory Broyden-Fletcher-Goldfarb-Shanno method (71-74), using the
Optim.jl package (75).

Quantifying contractility

In our simulations, we assume that filament motion gives rise to
uniform elongation and shearing of the 2D domain in which the network
resides. This assumption neglects the details of where forces are
propagated through the network and their direction, and is common in acto-
myosin network simulations (5,6,12,23). Uniform deformation would occur
for a dense network with numerous overlapping copies of the reference
network of simulated filaments (see the supporting material for an illustra-
tion). Such a dense network is a reasonable approximation of a real
network. Under the assumption of uniform deformation in the domain,
we can associate the forces occurring within the domain with uniform
forces at the boundaries. We can then quantify contractility by viewing
the domain as a simple plane stress element. We discuss this scenario
further in the context of a two-filament motor assembly in (29).

For uniform elongation and shear, we can use the energy minimization
technique to compute the forces on the domain boundary. We define

Eo:=E+F.L,+F,L,, 3)

where E is defined in Eq. (2), and Ly = (Ly,Lyy) and Ly = (Lyy, Lyy,) are
vectors specifying two edges of the domain. The vectors F, and F, contain
the normal and shear force components on the domain boundary. In numer-
ical simulations with constant domain size and shape, unconstrained mini-
mization of Eq. (3) is equivalent to minimizing Eq. (2), where the force
vectors F, and F, are Lagrange multipliers that enforce the constant
domain size constraints. In numerical simulations, at each time step we
compute force components using

F, = —o,E, F, = —0.F. “)

Neglecting possible out-of-plane stresses, the state of stress in the
network is given by the 2d stress tensor

Fu/Ly Fyo/Ly
c = ; ; 7. ®)
F )‘X/ L. F )’)’/ Ly
The mean normal stress,

1 o ,
c = ~tr(6) = Ox 1 O

(6)
2 2
then provides a measure of instantaneous network contractility, and by

convention negative ¢ indicates contraction, and positive ¢ indicates expan-
sion. We also introduce the time-averaged mean normal stress,

T
G = ?/o o(t) dt, @)

where T is the total simulation duration. The time-averaged mean normal
stress & is our primary measure to quantify the net expansion or contraction
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generated in simulated networks. Throughout this work, we denote all
quantities averaged over time using bars.

Quantifying aggregation and bundle formation

We define three statistical indices to quantify aggregation and bundle for-
mation. These indices,

o= @®)

TNy -1/

=

" TONN, - 1)/ ©
Ny(Ny = 1)/2

are the aggregation index, bundle index, and parallel-bundle index,
respectively. All three indices are ratios of the number of a particular
type of filament pair, to the total number of pairs in the network,
N¢(Ny — 1)/2, where Ny is the total number of filaments. To compute
the aggregation index Eq. (8), we count the number of filament pairs
that are sufficiently close to each other, N,. We assume that two fila-
ments are sufficiently close if any node on one filament is within 0.25
pm of any node of the other filament. In the bundle index Eq. (9), N;
is the number of aligned close filament pairs in the network. A pair is
included in N, if the two filaments are sufficiently close, using the
same definition as for N,, and have similar orientation. We classify a fila-
ment pair as having similar orientation if the acute angle between any
pair of sufficiently close segments is less than or equal to 20°. Finally,
the count N, for the parallel-bundle index Eq. (10) is similar to N,
but excludes antiparallel pairs where plus ends are located opposite to
each other.

We compute the three indices (8) in simulations to measure
the combinations of filament mechanics, turnover, and model
parameters that give rise to bundle formation. Similar to the time-
averaged mean normal stress (7), we also compute the time-averaged
indices

_ 1 /7
I, = f/ I,(1) dt, (11)
0
T
I, = — / I,(r) dr, and (12)
0

1,(7) dt. (13)

Our indices provide general statistics to quantify bundle formation,
and apply to simulations with different turnover methods and turnover
rates. For example, the index [, provides a useful single measure of over-
all bundle formation within a network, but does not explicitly identify
individual bundles. One example of the random initial condition used
in our simulations gave the baseline values I, = 0.1322, [, =
0.0249, and [, = 0.0130. Throughout this work, we can consider an
index elevated if the value of the index exceeds the baseline value.
Using these indices, we focus on network-scale contractility and bundle
formation, rather than measuring the contractility within individual
bundles.



RESULTS

We obtain results for simulations with 150 filaments (each
with equilibrium length of 1pm) and 30 motors on a
Spm x 5Spm domain, until #+ = 300s using a time step
size of At = 0.05s. For each combination of parameters
and turnover methods, we perform 10 simulations with a
random initial condition. When reporting results, we denote
quantities that are averaged across all simulations using
angled bracket notation. For example, the trial-averaged
mean normal stress is

(o)1) = ai(1), (14)

1 N
N i=1

for each realization ;(¢) fori = 1,...N, where N = 10. We
denote time-averaged and trial-averaged quantities using both
a bar and angled brackets. In subsequent sections, we
often show results that are smoothed using a Savitzky-Golay
filter, performed using the locally estimated scatterplot
smoothing Julia package with span parameter a = 0.2.
Unless otherwise specified, parameters take the default
values (4-6,12,21,23,51,54,57,60,66,76-84) indicated in the
supporting material. Further explanation of these parameter

values are provided in (23). Our key results are outlined below.

Trade-off between bundle formation and
contractility

Our model reproduces the known result that networks
without turnover lose contractility over time (11,23,85,86).
Fig. 2 summarizes simulation results without turnover.
Fig. 2 A displays the smoothed, time-averaged mean normal
stress, showing that networks are initially contractile, but
lose contractility after approximately + = 100sto 150s.
Fig. 2 B shows that the aggregation, bundle formation,
and parallel-bundle indices all increase initially, before
reaching a plateau around the time that the network loses
contractility. Increases in overall aggregation and bundle
formation are largely explained by parallel-bundle forma-

Nonuniform filament turnover

tion, as myosin motors reorganize the network and draw
filaments together. These parallel structures limit future
contraction, because motors moving along two parallel fila-
ments will not generate contraction (29). These results
without turnover do not explain certain types of bundles
that remain highly contractile, such as stress fibers, in which
filaments form periodic structures and fibers’ ends adhere to
substrates. Our disordered networks lack both of these fea-
tures. Instead, the key mechanism for generating contrac-
tility in our model is lateral filament bending (23), which
is absent in the stress fibers.

Fig. 2 C shows the relationship between bundle index and
stress, showing that networks with bundle indices 7, <0.1
are contractile, but increased bundle formation leads to
loss of contractility. The evolved network shown in Fig. 2
D illustrates that, after a period of initial contraction, distinct
parallel structures form. These structures increase bundle
formation but prevent sustained contractility. However,
contractility also decreases if , is low (see Fig. 2 C), which
can occur if filaments are not aggregated, reducing filament-
filament interactions. This result suggests that an intermedi-
ate amount of bundle formation, approximately /, = 0.07,
is optimal for contractility. The amount of bundling that is
optimal for contractility is two to three times the amount
of bundling in the random initial condition, /, = 0.0249.
This optimal value of I, depends on the number of filaments
in the simulations, but not on the number of motors (see
supporting material, section B.6 for details).

Uniform turnover prevents bundling and supports
long-term contractility

Uniform turnover influences the trade-off between contrac-
tility and bundle formation by disrupting bundles, enabling
prolonged contractility. This effect of uniform turnover has
also been reported in previous studies (6,18,48,54). Fig. 3 sum-
marizes the results for uniform turnover with rate
kott,e = 0.04 s~ !, a turnover rate estimated for cortical acto-
myosin networks (23). This value of K , enables comparison
with the no-turnover results in Fig. 2. Fig. 3 A shows that, with

0.04 0.2

— 0.02 — 0.1

L 0.0 s — T 00
< -0.02 / g

> - ~ = —0.1
Z 04| s - Z

= \ £ 02

< —0.06 5 _03

~ —0.08 o

~0.10 0.0 —04

0 50 100 150 200 250 300 0 50 100 150 200 300 000 005 010 015 020
t(s) t(s) b
FIGURE 2 Numerical results for simulations with no turnover. (A) Trial-averaged mean normal stress over time for N = 10 simulations with no turnover,

smoothed using a Savitzky-Golay filter (locally estimated scatterplot smoothing [LOESS] regression). (B) Trial-averaged bundle indices over time for
N = 10 simulations with no turnover, smoothed using a Savitzky-Golay filter (LOESS regression). (C) Comparison of instantaneous measurements
(blue dots) of mean normal stress and bundle index across all simulations and time. The solid curve is a LOESS regression of the data. (D) Example network
configuration at ¢ = 300 s. Red dots indicate F-actin nodes, red line segments indicate F-actin segments, black dots indicate F-actin plus ends, and blue dots
indicate motor domains.
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FIGURE 3 Numerical results for simulations
with uniform turnover with rate ko, =
0.04 s7!. (A) Trial-averaged mean normal stress

over time for N = 10 simulations, smoothed using
a Savitzky-Golay filter (LOESS regression). (B)
Trial-averaged bundle indices over time for
N = 10 simulations, smoothed using a Savitzky-
Golay filter (LOESS regression). (C) Comparison
of instantanecous measurements (blue dots) of
mean normal stress and bundle index across all
simulations and time. The solid curve is a
LOESS regression of the data. (D) Example
network configuration at# = 300 s. Red dots indi-
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uniform turnover, the networks maintain contractility, with
similar magnitude to the initial period of contraction of a disor-
dered network. Fig. 3, B and C, suggest that prolonged
contractility occurs because uniform turnover disrupts bundle
formation. In Fig. 3 B, there is little change in the aggregation,
bundle formation, or parallel-bundle formation indices over
time. Fig. 3 C shows a similar relationship between bundle for-
mation and contractility to Fig. 2 C, but due to turnover the
amount of bundle formation never becomes sufficiently high
to prevent contractility. Instead, I, remains sufficiently low,
within the range of values for /;, that Figs. 2 C and 3 Cindicate
are contractile. The evolved network in Fig. 3 D also does not
exhibit the parallel-bundle formation that occurred without
turnover (see Fig. 2 D), reinforcing the idea that uniform turn-
over disrupts parallel bundles. The experimental observation
that contractile rings lose their force-generating abilities
within minutes upon inhibition of the actin turnover (87) com-
pares well with the model prediction that contractility in non-
dynamic networks is lost within 100-150 s.

In the fast-turnover rate limit, the network will approach
the level of bundle formation associated with a random
initial condition, /,~0.0249. This value of [, is less than
the amount of bundle formation that maximizes contrac-
tility, as shown in Fig. 2 C and reinforced in Fig. 3 C. Sim-
ulations with varying turnover rates suggest that there is an
optimal uniform turnover rate lying between ko, =
0.02 s 'and kotta = 0.06 s~ ! that maximizes contractility.
Interestingly, the turnover rate in cortical networks,
kofra & 0.04s™", is close to optimal for generating contrac-
tion in our simulations. The relationship between uniform
turnover rate and contractility is shown in Fig. 3 E, and
more detailed results are in the supporting material.

Biased turnover increases bundle formation and
leads quickly to loss of contractility

Since the positions and orientations of new filaments depend
on the existing network in the nonuniform turnover models,
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cate F-actin nodes, red line segments indicate
F-actin segments, black dots indicate F-actin plus
ends, and blue dots indicate motor domains. (E)
Relationship between uniform turnover rate and
contractility. The solid curve is a LOESS regres-
sion of the data.

with nonuniform turnover the amount of filament reshuffling
will be higher than that with no turnover, but less than with uni-
form turnover. In biased turnover, new filaments are placed
close to existing filaments. As Fig. 4 A shows, contractility de-
creases quickly beforet = 50 s, before settling in a seemingly
steady state of weak contractility. Unlike the no-turnover sce-
nario, the presence of turnover means that the network does
not form stationary patterns and loses contractility completely.
However, the spatial bias means that the contractility with
biased turnover is much lower than the contractility with uni-
form turnover for the same turnover rate.

Fig. 4 B shows how biased turnover affects aggregation
and bundle formation. All three indices, /,, I, and I, in-
crease over time. Compared with simulations with no turn-
over, biased turnover yields similar aggregation (1), but less
bundle formation (I,) and parallel-bundle formation ().
The trends in the bundle index, /;,, are consistent with the
idea that contractility decreases as bundle formation in-
creases. The relationship between [, and o shown in Fig. 4
C, which is similar to Fig. 2 C, reinforces this idea. With
biased turnover, the bundle index stabilizes at /,~0.1, which
is just low enough to maintain weak contractility.

With biased turnover, the difference I, — I, also in-
creases over time, suggesting an increase in antiparallel bun-
dles. This trend is due to the possibility of polarity reversal
in biased turnover and does not occur with no turnover or
uniform turnover. Without turnover, the motors will instead
pull filaments into stationary parallel arrangements. This
difference is also reflected in the network patterns, as
Fig. 4 D shows. The network with biased turnover forms a
thicker aggregate, rather than a thin stationary pattern like
those in Fig. 2 D. If polarity reversal is prevented, ¢ and
I, become more similar to the case of no turnover, with
less contractility and more bundle formation. This is shown
by the leftmost points in Fig. 4, E and F. Introducing even
a small amount of polarity reversal, for example, P, =
0.1, is sufficient to increase contractility and decrease
bundle formation. Further details on the effects of parameter
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reversal probability, Py, on contractility. (F) Impact of the polarity reversal probability, Py, on bundle formation.

Py, and simulations exploring the effects of standard devi-
ations o9, 0;x, and o;; are available in the supporting
material, section B.2.

70° branching favors contractility over bundle
formation

Fig. 5 shows how Arp2/3-mediated filament branching af-
fects contractility and bundle formation. Like biased turn-
over, branched networks lose some contractility within the
first 50 s, before settling at an approximately steady level
of contractility (see Fig. 5 A). However, networks with
branching turnover are more contractile than those with
biased turnover. A possible explanation for this increased
contractility is that branching is more effective than biased
turnover at disrupting bundle formation. As Fig. 5 B shows,
the amount of aggregation with branching is similar to
biased turnover. The network snapshot in Fig. 5 D illustrates
this result, where a filament aggregate forms on the right-
hand side of the domain. However, branched networks
maintain less overall bundle formation compared with
biased turnover (see Fig. 5 B). This reduced bundling en-
ables networks with branching to remain more contractile
than networks with no turnover or biased turnover. However,
branching remains less effective at promoting contractility
than uniform turnover because the positions and orientations
of new filaments exhibit spatial bias.

As Fig. 5, E and F, show, the angle 8, = 70° is close to
the optimal angle for maximizing contractility and
decreasing aggregation, bundle formation, and parallel-
bundle formation compared with other potential branching
angles. Therefore, 70° branching appears to be a nonuni-

form turnover mechanism that disrupts bundles, favoring
contractility over bundle formation. This finding reflects
the results of Ennomani et al. (26), which experimentally
support the higher contractility of branched networks.

Treadmilling promotes bundling while
maintaining contractility

Unlike uniform turnover, biased turnover, and branching,
treadmilling does not involve the removal and replacement
of filaments in the network. Instead, existing filaments
lose actin from their minus ends and gain actin at their
plus ends, while not disappearing entirely. Fig. 6 A shows
that treadmilling prevents the loss of contractility that oc-
curs without turnover. Instead, the trend in contractility is
similar to other nonuniform turnover methods, featuring a
loss of contractility over the first approximately 50 s, before
settling in a weakly contractile state. However, unlike biased
turnover and branching, turnover with treadmilling in Fig. 6
B shows that aggregation, bundle formation, and parallel-
bundle formation continue to increase over a longer time.
The bundle formation index eventually reaches a similar
value to that attained without turnover, suggesting that
treadmilling must cause the persistent contractility observed
in Fig. 6 A. The results in Fig. 6 C, where weaker contrac-
tility remains possible with larger values of I, reinforce
this idea. Treadmilling lessens the negative feedback be-
tween bundle formation and contractility, enabling filaments
within these bundles to retain net contractility.

The network configurations formed with treadmilling are
also distinct from those formed with other turnover mecha-
nisms. In Fig. 6 D, a long, thin curved filament bundle
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FIGURE 5 Numerical results for simulations with 70° branching turnover with rate kit , = 0.04 s~!. (A) Trial-averaged mean normal stress over time for
N = 10 simulations, smoothed using a Savitzky-Golay filter (LOESS regression). (B) Trial-averaged bundle indices over time for N = 10 simulations,
smoothed using a Savitzky-Golay filter (LOESS regression). (C) Comparison of instantaneous measurements (blue dots) of mean normal stress and bundle
index across all simulations and time. The solid curve is a LOESS regression of the data. (D) Example network configuration at # = 300 s. Red dots indicate
F-actin nodes, red line segments indicate F-actin segments, black dots indicate F-actin plus ends, and blue dots indicate motor domains. (E) The effect of
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reminiscent of an unattached stress fiber emerges in the up-
per part of the domain. Since most of the filament maintains
its position during treadmilling, these patterns are similar to
patterns without turnover (Fig. 2 D). Unlike the no turnover
case, networks with treadmilling maintain contractility.
Minus end disassembly provides a possible qualitative
explanation for this persistent contractility (12). As the mo-
tors move toward filament plus ends, the minus ends are
pushed apart, which could lead to expansion (29). The
minus end disassembly diminishes this expansive potential,
resulting in net contractility. Treadmilling may also cause
the plus end and minus end locations to more closely
resemble the periodic arrangement in contractile stress
fibers (38,39).

Filament bending enhances bundle formation and
protein friction enhances contractility for
nonuniform turnover

Experimental studies found that actomyosin network
contractility strongly depends on filament rigidity (88) and
on mechanical resistance to deformations (26). Similarly,
mechanical factors affect actin bundling (89). Thus, we
conclude our investigation by exploring how flexural rigid-
ity and the protein-friction coefficient affect contractility
and bundle formation for each turnover model. Fig. 7 sum-
marizes their effects. The background-drag coefficient and
reference motor off-rate were less important (see
supporting material for details), and we assumed the spring
constants, free-moving motor velocity, and stall force to be
fixed based on experimental data. These results agree with
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our previous study (23), where filament flexibility (reduced
flexural rigidity) and protein friction promoted contractility.

Low flexural rigidity x decreases resistance to filament
bending. With uniform turnover, decreased x increases
network contractility until x = 0.02 pN pum?, as Fig. 7 A
shows. However, flexural rigidity has less impact on
contractility for all methods of nonuniform turnover.
Decreasing k increases bundle formation (Fig. 7 B), because
flexible filaments can more readily remodel into an aggre-
gate due to myosin activity (see Fig. 7 E). These aggregates
are less contractile than a disordered network due to the
trade-off between bundle formation and contractility. Uni-
form turnover disrupts the aggregates and helps to maintain
network contractility. In contrast, with nonuniform turnover
the aggregates persist, because new filaments are more
likely to emerge within the aggregate itself. As k increases,
branching and treadmilling disperse the aggregate more
than biased turnover (see Fig. 7 E). Consequently, networks
with branching and treadmilling yield networks that are
more contractile compared with networks with biased turn-
over. However, although branching and treadmilling pro-
mote contractility more effectively than biased turnover,
they are less effective than uniform turnover regardless of «.

Increasing the protein-friction coefficient, Ay, increases
contractility with all forms of turnover, as Fig. 7 C shows.
Increasing A, increases bundle formation for biased turn-
over and branching, as Fig. 7 D and the network snapshots
shown in Fig. 7 F indicate. Since increasing Ay elevates
both contractility and bundle formation with biased turnover
and branching, strong protein friction (for example, due to
cross-linking) may be important for generating persistent
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contractile bundles. With uniform turnover, 7, is largely in-
dependent of A, because uniform turnover is effective at
disrupting bundles regardless of A,¢. With uniform turnover,
there is large increase in contractility as A,¢ increases. In
contrast, with biased turnover and branching, /, increases
as Ay increases. Due to the trade-off between bundle forma-
tion and contractility, this results in a smaller gain in
contractility for these turnover methods as A, increases,
compared with uniform turnover.

For treadmilling turnover, increasing Aps decreases bundle
formation, which is the opposite behavior to biased turnover
and branching (see Fig. 7 B). When Ay = 5 pN pum~ s
(weak protein friction), networks with treadmilling form a
very thin bundle (see Fig. 7 F) with high I;,. Small 4,¢ cor-
responds to reduced resistance to relative motion between
overlapping filaments, allowing the network to more easily
remodel into the thin bundle structure, which resembles the
stationary patterns produced with no turnover. With tread-
milling, this pattern remains only weakly contractile. For
low values of Ay, treadmilling yields less contractility
than biased turnover or branching, due to the large discrep-
ancy in I. As Apr increases, relative motion of overlapping
filaments becomes more difficult, and the network with
treadmilling remodels more slowly. For 4, = 60 pN pum !
s, Fig. 7 F shows that the network no longer forms a single
thin bundle. For treadmilling, this causes I, to decrease as
Apt increases. Contractility then increases with increasing
Apt, due to both decreased bundle formation and the general
contractile effect of protein friction. For large values of A,
treadmilling yields increased contractility compared with
biased turnover and branching. This increased contractility
occurs despite the treadmilling networks maintaining I,
values similar to biased turnover networks for large Aps.
The increased contractility with high [, further reinforces
the idea that treadmilling lessens the trade-off between
bundle formation and contractility.

DISCUSSION AND CONCLUSION

In this work, we implemented an agent-based model of an
actomyosin network with four turnover models: uniform,

biased, branching, and treadmilling. We used the models
to investigate the interplay between contractility, bundle
formation, and turnover. Fig. 8 provides an overview of
our results. Without turnover, there is negative feedback be-
tween bundle formation and contractility. Disordered net-
works initially contract, forming bundles. These bundles
feature filaments aligned in parallel, similar to aster forma-
tion in previous studies (11,23,85,86). Eventually, these par-
allel structures become stationary, preventing further
contractility. Uniform turnover, branching, and treadmilling
can prolong contractility. Introducing uniform turnover or
branching disrupts bundle formation, allowing network
contractility to persist, whereas treadmilling disrupts the
trade-off between bundle formation and continued contrac-
tility. In contrast, biased turnover increases bundle forma-
tion, which quickly results in reduced -contractility.
Mechanical factors also play a role in maintaining contrac-
tility and bundle formation. In our simulations, the clearest
mechanical effects were that increased filament bending and
protein friction promote contractility. Taken together, these
results indicate that a combination of mechanically driven
contractility and bundle-disrupting turnover is necessary to
sustain network contractility and elevated bundle formation
in initially disordered networks.

The most relevant previous computational study that
examined the role of actin turnover on contractility of 3D net-
works in microscopic details (55) reached the same general
conclusion that the moderate turnover enhances contractility.
Macroscopic theory (90) posited the same point. Several
other modeling studies explored the importance of turnover
specifically in contractile rings (20,21), again concluding
that dynamic actin is crucial for the maintenance of contrac-
tility. Two modeling studies found that not only steady but
also pulsatile contractions depend on actin being dynamic
(90,91). The advance our study offers is the comparison of
several different modes of actin turnover.

In this study, we focused on isolating the effects of indi-
vidual turnover models working alone. A realistic model for
filament turnover in the cell might involve a combination of
the turnover models that we investigated. Indeed, there are
several subcellular processes in which different modes of
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filament turnover act in concert: two F-actin subpopulations
(Arp2/3-governed shorter and more dynamic filaments
interspersed with longer and more stable formin-associated
filaments) with two different turnover kinetics were discov-
ered in the cell actin cortex (92). Similarly, more dynamic
branched lamellipodial networks coexist with more stable
filopodial bundles at the cell leading edge (56). Another
example is that different turnover modes coexist in the la-
mellipodia and lamellae of migrating epithelial cells (93).
Related to that, our work suggests that some individual
mechanisms have opposing effects on the trade-off between
contractility and bundle formation. For example, uniform
turnover and branching disrupt bundles and promote
contractility, whereas biased turnover promotes bundle for-
mation, hastening loss of contractility. A combination of

Contractility

Teasming |00

FIGURE 8 The interplay between contractility and bundling (green ellip-
ses), and turnover methods and mechanical factors (blue rectangles) in
initially disordered actomyosin networks. Lines between each group indi-
cate the direction of causality. Arrow heads indicate factors that positively
influence each other, and perpendicular lines indicate factors that negatively
influence each other.

Bundling
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different turnover models. Red dots indicate
F-actin nodes, red line segments indicate F-actin
segments, black dots indicate F-actin plus ends,
and blue dots indicate motor domains. (F) The ef-
fect of protein-friction coefficient on network
configuration for different turnover models.

turnover methods working in concert might allow cells to
tune the levels of contractility and bundle formation, de-
pending on the scenario. The rate of each turnover method
might also influence this optimal combination. We present
quantitative details on how the turnover rate, ko o, impacts
contractility and bundle formation in the supporting
material.

Several limitations of our approach must be considered
when interpreting the results. Since the cell cortex is a
thin layer, for simplicity we used a 2D model. Extending
the model to 3D would require explicit simulation of motor
and cross-linker binding and unbinding. 3D actomyosin net-
works look and behave differently (94) from the contractile
cell cortex, but simulations suggest that actin turnover is as
important in 3D (55) as it is in 2D. Our model neglects the
complex modes of transport and turnover of motors and
cross-linker proteins that occur in cells, and could redis-
tribute stress and bundling. Pausing of motors on filament
plus ends (95) could also significantly change the model
predictions. Another limitation is that we do not compute
localized forces and stress throughout the domain, but
instead adopt a simplified model based on uniform defor-
mation. Accounting for nonuniform directed and localized
forces is a difficult problem beyond the scope of this
study (96).

We also cannot rule out the possibility that domain size,
filament concentration, and motor concentration might
impact our results. We simulated hundreds of filaments
and tens of motors in a 25 pum?® domain. Judging by the



measured network mesh size (97), the number of filaments
simulated is characteristic for the cell cortex. One (98) to
tens (17) of myosin clusters per square yum were observed
in the cortex, so our parameters are physiologically relevant,
although the fact that there are multiple myosin molecules
per cluster complicates the matter. Tam (23) showed that
contractility is independent of domain size, provided that
filament and motor concentrations are maintained. In the
simulations of this paper, increasing the motor concentra-
tion increases contractility and bundle formation, but does
not impact the qualitative effects of different turnover
models illustrated in Fig. 8. These results are shown in the
supporting material. The computational cost of the simula-
tions constrains our ability to further verify the results on
larger scales.

The filament turnover and mechanics investigated here
could have potential implications for cell migration and divi-
sion and tissue morphogenesis. Indeed, in cytokinesis, con-
tractile ring action requires continuing actin turnover (87).
Myosin and actin turnover are intimately intertwined in
migrating cells (99). Actin turnover is crucial in effective
contractility propagation between cells in tissue morphogen-
esis (94). To extend our model to these dynamic mechano-
chemical structures, one would have to introduce adhesions
of actin to substrates and the membrane into the simulations.

DATA AND CODE AVAILABILITY

e Julia code and simulation results for varying turnover rates have been
deposited on GitHub, and are publicly available at the URL https:/
github.com/alex-tam/ActomyosinBundle as of the article publication
date.

o All other simulation results can be shared upon reasonable request.
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