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Biopolymer networks from the intracellular to tissue scale display high rigidity and tensile stress
while having coordinations well below the normal threshold for mechanical rigidity. The elastic
filaments in these networks are often severed by enzymes in a tension-inhibited manner. The e↵ects
of such pruning on the mechanics of prestressed networks have not been studied. We show that
networks pruned by a tension-inhibited method remain rigid at much lower coordinations than
randomly pruned ones. These findings suggest a possible reason for the repeated evolution of
tension-inhibited filament-severing proteins.

Biopolymer networks such as the actomyosin cell cor-
tex, collagen extracellular matrix and fibrin blood clots
play the critical role of maintaining rigidity in cells and
tissues under large and often dynamically changing me-
chanical stresses. These living networks are remark-
ably sti↵; the actomyosin cortex [1–6] is far sti↵er than
one would expect from existing models of stressed net-
works [7–16]. A key di↵erence between the living and
model networks is that the living ones exist in a dynamic
steady state, with filament ‘edges’ between nodes, as well
as the nodes themselves, constantly being added and re-
moved with the help of many proteins [17–19]. Most
notably, there are proteases (cofilin for actin[20–24], col-
lagenase for collagen[25–27] and plasmin for fibrin[28])
that preferentially sever and depolymerize low-tension fil-
aments. These proteases have evolved independently in
actin, collagen and fibrin networks, respectively, suggest-
ing that they give the networks mechanical properties
that confer important advantages.

Severing (pruning) confers on each edge a binary adap-
tive degree of freedom, namely the possibility of being
there or not there. Preferential pruning of low-tension
filaments can be considered a “local rule” [29] for adjust-
ing these degrees of freedom. Here we ask why this local
rule might be so useful. We show that prestrained 3D
central-force spring networks formed by tension-inhibited
pruning are sti↵er and display a narrower filament ten-
sion distribution at biologically-relevant coordinations
than randomly pruned networks. This allows the selec-
tively pruned networks to achieve cortex-like sti↵ness for
biophysically plausible tensile stresses and filament ten-
sions, while comparable randomly pruned networks do
not. These results help rationalize why tension-inhibited
pruning has evolved independently in the three di↵erent
filamentous networks.

Central-force spring networks exhibit a transition from
a rigid to a floppy state as a function of their coordina-
tion z. In the absence of edge tension this transition
happens at the isostatic value ziso = 6 (in 3D). Such
networks can remain rigid below z = 6, however, if they
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are under prestress [7–16]. We generate our networks
from jammed packings of bidisperse particles with initial
z > 6 by placing N = 1024 soft repulsive particles at
random in a three-dimensional box at a volume fraction
above jamming and minimizing the total energy. We then
use the geometry of the jammed state to generate un-
stressed networks by placing nodes at the centers of par-
ticles and relaxed springs, with rest length equal to the
spring length, between nodes. We use periodic boundary
conditions throughout the simulations. We next apply an
initial prestrain by changing the rest lengths of all of the
springs in one of three ways: isotropic tension, pure shear
or Gaussian random strains. Changes in rest lengths r0
are given by:

r0 !

8
><

>:

(1� ✏)r0 isotropic tension

(1� ✏[r̂2y � r̂2x])r0 pure shear

(1� ⌘)r0 Gaussian random

(1)

where ✏ ⌧ 1 is a small prestrain, r̂i is the i-th compo-
nent of the unit vector that points along the edge, and ⌘
is a Gaussian random variable with zero mean and stan-
dard deviation ✏. In the isotropic tension case, all edges
are tensed. In the pure shear and random cases, some
edges are under compression while some are under ten-
sion. While the simulation box is kept fixed during our
simulations, the edge strains induced by the change in
the rests lengths are equal to lowest order to the strains
induced by an equivalent deformation of the simulation
box for the isotropic and pure shear cases. The Gaussian
random prestress cannot be directly mapped to a box
strain. After changing the rest lengths the nodes are not
at rest, so we use FIRE [30] to minimize the network to
a force-balanced state and obtain the energy Ei stored in
each edge.
We study the e↵ects on these networks of sequential

pruning according to two di↵erent protocols: random
pruning and pruning only the edge with the lowest Ei,
“min Ei” pruning. To avoid generating 2-fold coordi-
nated nodes we prune only edges connected to nodes
that have coordinations � 4. It is interesting to note
that strategies based on pruning edges with maximal Ei

lead to fracture of the networks for all types of prestrain.
After each pruning event we minimize the energy to
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FIG. 1. (a) Cross-sectional slab cut from a 3d min Ei pruned
network at coordination z ⇡ 4, initially under a isotropic
tension prestrain of 0.05. Edges with tension higher than
3⇥ 10�9 are colored red, while lower tension edges are green
and transparent. The actual simulation box is larger than
the slab depicted and fully periodic. (b,c) Bulk (b) and shear
(c) moduli of networks under isotropic tension during random
(red) and min Ei (black) pruning as a function of the number
of bonds removed Nr. Di↵erent lines (solid, dashed, dotted)
indicate di↵erent strains ✏ used to initially prestress the net-
work (0.0001, 0.001, 0.01 respectively). (d) Ratio of shear
to bulk modulus, G/B vs. �z = z � zc, the di↵erence from
current coordination to the critical coordination, for isotropic
tension (circles) and pure shear (squares) for random (red)
and min Ei (black) pruning. Networks were prepared with a
prestrain of 0.01.

maintain a force-balanced state. From this state, we cal-

culate the moduli using linear response. We prune until
we reach the critical coordination zc, defined as where the
bulk modulus drops by more than an order of magnitude
within one pruning event. The linear response calcu-
lation is an extension to nonzero prestress of a previous
approach[31]. Essentially, we apply an a�ne deformation
to the network and calculate the induced non-a�ne dis-
placements due to the a�ne forces by using the Hessian.
The resulting total displacement allows us to calculate
the change in energy at each edge for a given deforma-
tion, which gives the contribution of that edge to the cor-
responding modulus (see Supplemental Material, SM). A
representative cross-section cut from a rigid network at
z ⇡ 4 is shown in Fig. 1(a).
It has been shown that pruning edges in unstressed

central-force spring networks with mean coordinations
z > 6 leads to mechanical properties that are extremely
sensitive to choice of which bonds are pruned [31–33].
Fig. 1(b,c) shows the bulk and shear moduli B and G as
a function of the number of edges removed, Nr, during
random or min Ei pruning of a network initially placed
under isotropic tension. Curves are shown for networks
prestrained with ✏ ranging from 0.0001 to 0.01, with ver-
tical lines showing the corresponding coordination of the
networks at a given Nr. Recall that pruning terminates
when the network becomes floppy at zc. We find that the
behavior of G/B (Fig. 1(d)) as z ! z+c does not depend
on pruning protocol; this is because the contributions of
each bond i to the bulk and shear moduli, Bi and Gi,
are strongly correlated by the prestress (see SM).
In overcoordinated central-force spring networks

placed under a small isotropic tension, we would ex-
pect G/B ! 0 for min Ei pruning and G/B ! const
for random pruning as z ! zc [31, 32]. In contrast, in
under-coordinated networks under a significant isotropic
tension we find G/B ! 0 for both pruning protocols
(Fig. 1(d)). (The upturn at the lowest values of �z
in Fig. 1(d) is a finite-size e↵ect (see SM)). The result
G/B ! 0 is consistent with earlier findings that G ! 0
but B ! const as z ! z+c for under-coordinated net-
works under isotropic tension[15, 34–36].
For over-coordinated networks placed under a small

pure shear, we would expect G/B ! 1 for min-Ei prun-
ing but G/B ! const for random pruning, as z ! zc
[31, 32]. By contrast, for under-coordinated networks
under significant pure shear we find G/B ! const for
both pruning protocols (Fig. 1(d)). This is consistent
with earlier findings that G and B both approach con-
stants as z ! z+c for such systems under pure shear [15]
(see SM); such behavior is also observed in shear-jammed
packings [37].
Since the networks are floppy when unstressed, the to-

tal tension sets the scale of the bulk and shear mod-
uli. Di↵erent pruning methods lead to di↵erent values
of zc (Fig. 1). It is possible that they might also lead
to di↵erent scalings for the tension as z ! z+c . Fig. 2
shows the total tensile stress or ‘tension’ of the network,
⇧ = �Tr�/3, where � = 1

V

P
ij rij ⇥ fij is the stress
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FIG. 2. Tension on randomly (dashed) or min Ei (solid)
pruned isotropic tension networks as a function of �z. The
di↵erent shades represent di↵erent initial prestrains (0.00001,
0.0001, 0.001 and 0.01 from darkest to lightest). (inset) Di-
agonal components of stress for randomly pruned networks
at 0.001 initial strain for the three di↵erent types of prestrain
(black for tension, blue for shear and green for Gaussian). Dif-
ferent symbols correspond to di↵erent diagonal components of
the stress. All networks converge to a state where the three di-
agonal components are positive even when compressed edges
are present in the initial state.

tensor, rij is the distance between bonded nodes and fij
is the force stored in bond ij, for the case where the ini-
tial prestress has the form of isotropic tension. We plot
⇧ as a function of �z = z � zc for random and min
Ei edge pruning. Close to the transition, we see that
⇧ ⇠ �z, independent of the pruning method. The in-
set to Fig. 2 shows that the same scaling holds for each
of the individual diagonal components of the stress ten-
sor �ii during random pruning for the di↵erent types of
prestrains. Thus, the scaling of ⇧ for z ! z+c is inde-
pendent of pruning method and type of initial prestrain.
The pruning method then primarily a↵ects the scaling
of the bulk and shear moduli with �z by lowering the
critical coordination zc.

Note from the inset to Fig. 2 that near the transition,
all diagonal components of the stress tensor are positive,
indicating the network is under tension in all directions.
This is surprising since �xx is initially negative for sys-
tems initially placed under pure shear strain by expand-
ing in the y-direction and compressing in the x direction.
To understand this, we note that spring networks are un-
stable under compression due to structural buckling[12].
The observation that �xx changes sign to become posi-
tive indicates that compressed edges are either removed
or put under tension by pruning. As a result, after suf-
ficient pruning the network eventually reverts to a state
of tension for any form of the initial prestress.

We now examine the critical coordination reached by

FIG. 3. (a) Critical coordination as a function of initial
strain for di↵erent types of prestrain and pruning strategy.
The networks under isotropic tension (solid circles) show a
lower zc than networks under pure shear (dash-dot crosses)
or with Gaussian distributed disorder in rest lengths (dashed
triangles). Min Ei pruning (black) leads to networks that are
still rigid at lower coordinations compared to random pruning
(red). (b) Di↵erence between critical coordination and the
isostatic value as a function of the trace of the total tension of
the networks. Min Ei data flattens out for the highest tension
values due to the constraint on pruning 3-fold coordinated
nodes. Marker and line styles and colors are the same as in
(a).

pruning in more detail. Fig. 3(a) shows how zc depends
on the initial prestrain ✏ for di↵erent types of prestrain
and for the two pruning methods. In general, zc de-
creases with increasing ✏. This is reminiscent of the be-
havior of strain stabilized subisostatic networks, where
the value of the critical strain at the onset of sti↵ness
increases as a function of �z below the isostatic point
[9, 15]. As noted earlier, zc is lower for min Ei-pruned
networks than for randomly pruned networks at the same
✏, for all types of initial prestrain. Importantly, min Ei-
pruned networks under isotropic tension can reach coor-
dination values found in biopolymer networks with initial
prestrains on the order of 1-5%, while randomly-pruned
networks require on the order of 10% prestrain on the
filaments to reach the same coordination.
Note that networks prepared at di↵erent initial coor-

dinations above ziso require di↵erent prestrains to attain
the same zc from pruning. Therefore, the initial pre-
strain is not very useful for characterizing a network. A
more useful measure is the total amount of tension at the
isostatic coordination ⇧iso = ⇧|z=ziso . This is the total
amount of tension available to stabilize the network at
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the point where the network would become floppy with
no stress. In Fig. 3(b) we plot ziso � zc as a function of
⇧iso.

Fig. 3(b) shows that for all types of prestrain the re-
sults collapse onto two di↵erent curves, one for random
pruning and the other for min Ei pruning. For small
⇧iso, min Ei pruning leads to a decrease in zc that is an
order of magnitude larger than for random pruning, and
the di↵erence between pruning methods decreases with
⇧iso. We observe the scaling

zisoc � zc ⇠ ⇧↵
iso (2)

where ↵ ⇡ 0.5 for random pruning and ↵ ⇡ 0.3 for min
Ei pruning. With this scaling, the critical coordination
for a network can be predicted from ⇧iso for a given
pruning method. Since biological filament networks have
a mean coordination between 3 and 4 due to a combi-
nation of branching points and crosslinks and are rigid,
model networks must have zc in that range. Fig. 2 shows
that stress scales as �z independently of stress type or
pruning method, so the isostatic stress ⇧iso can be used
as a proxy for the stress throughout the pruning process.
The smaller scaling exponent ↵ means that biologically-
relevant coordinations are more easily accessible by min
Ei pruning, requiring tensions up to an order of magni-
tude smaller than random pruning.

To examine this point in more detail, we compare the
properties of networks created by each pruning method at
a fixed, biologically-relevant coordination. At a fixed z,
the shear modulus obeys a power-law scaling with tension
that is independent of z or pruning strategy (see Fig. S4
in SM). In contrast, other biologically-relevant mechani-
cal properties do depend on pruning strategy at fixed z.
We compare the probability distribution of edge energies
in two networks pruned by di↵erent methods at the same
z and shear modulus (Fig. 4(a)) as well as at the same
z and maximum edge energy (Fig. 4(b)). We accomplish
this by comparing a randomly pruned network under
isotropic tension prestrain of 0.08 and a min Ei-pruned
network under a prestrain of 0.01 that have similar me-
chanical properties at the same z ⇡ 4. Fig. 4(a) shows
that the min Ei-pruned network has a much narrower
distribution of edge energies and also smaller mean Ei

when compared to the randomly-pruned network. This
implies that a min Ei pruned network can achieve the
same shear modulus with much less average energy stored
in the edges. A similar e↵ect has been seen in networks
with catch and slip bonds [38], where catch bonds (which
have smaller lifetimes at low tensions) exhibit a narrower
distribution of loads per crosslinker. This suggests that
narrow distributions of tension may be a universal fea-
ture of models where edges preferentially break or are
removed at low tensions, and is independent of the par-
ticular failure mechanism or kinetics.

Fig. 4(b) shows that the min Ei pruned network has
almost double the shear modulus of a randomly pruned
one when the maximum bond energies are similar. In
networks where the stress is derived from the motion of

FIG. 4. (a) Distribution of edge energies Ei at same z and
G for a min Ei (black) and a randomly (red) pruned network.
Dashed lines show the average bond energy. The randomly
pruned network requires a larger average and maximum en-
ergy to sustain the same modulus as a min Ei pruned network
at same z. In our model Ei ⇠ �2i , where �i is the strain of
edge i, so an energy of 10�4 corresponds to a strain of 1%.
Both networks are at tension ⇧ ⇡ 1.7 ⇥ 10�3. (b) Distribu-
tion of edge energies as in (a), but at a lower coordination
where both networks have a similar maximum Ei. The min
Ei network is at tension ⇧ ⇡ 1.1⇥ 10�3, while the randomly
pruned network is at a much lower tension of ⇧ ⇡ 1.6⇥ 10�4.

the motors, stall forces function as a tension threshold
for the filaments. Alternatively, the maximum filament
tension could be set by a breaking limit. Fig. 4(b) shows
that min Ei pruning leads to sti↵er networks under such
filament tension-limited conditions.
Implications for actomyosin cortex. Our results shed

some light on the cortical tension ⇧ and apparent shear
modulus G. Quantities in our model are expressed in
terms of the network edges’ spring constant  and mean
length l, which can be scaled using experimental mea-
surements. Single actin filament stretching studies [39–
41] show the stretching spring constant  of F-actin is ap-
proximately 40 pN/nm for l = 1µm, with sti↵ness scaling
as  ⇠ 1/l.
The sti↵ness and tension of our model can be com-

pared to the typical sti↵ness and tension of the cortex, de-
spite significant di↵erences in reported values of the latter
amongst di↵erent methods [3]. Careful AFM indenting
measurements [6] combined with finite element model-
ing of the cortex as a 200 nm thick viscoelastic sheet
[5], suggests a value G ⇡ 15 kPa, orders of magnitude
higher than for an unstressed actin gel. Micropipette as-
piration of many cells report cortical tension of order 1
nN/µm [42, 43], corresponding to a large tensile stress of
⇧ ⇡ 5 kPa for a 200 nm thick cortex. Scaling our val-
ues of the shear moduli and tensile stress in Fig. 4(a),
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with an assumed value of l ⇡ 100 nm, yields plausi-
ble values of GminEi ⇡ 4.4 ⇥ 10�3/l ⇡ 17.6 kPa, and
⇧ ⇡ 1.7 ⇥ 10�3/l ⇡ 6.8 kPa. Translating the edge en-
ergies to filament tensions ti ⇠

p
Ei leads to an estimate

for maximum tension tmax = 400 pN for min Ei pruning
and tmax = 894 pN for random pruning. The breaking
force of actin filaments is 600 pN [44], between the max-
imal filament tensions in our two model networks. That
is, we find that our selectively pruned network model can
reproduce the sti↵ness and tension of the actomyosin cor-
tex with physically plausible filament tensions, while a
randomly pruned network cannot.

Discussion. It has previously been shown that for un-
stressed, over-coordinated networks, the scaling of the
ratio of the shear to bulk modulus, G/B, depends sensi-
tively on pruning protocol [31–33]. Here we have shown
that pruning protocol does not a↵ect the scaling of the
ratio of the shear to bulk modulus, G/B, with �z. This
is because prestress highly correlates the changes in the
bulk and shear moduli due to bond removal, in contrast
to the unstressed, over-coordinated case [33]. The reason
why di↵erent biopolymer networks have independently
evolved the same pruning strategy is therefore not to pro-
duce a desired scaling for G/B.

Why then are biological filament networks such as the
actomyosin cell cortex, collagen extracellular matrix and
fibrin blood clots, all accompanied in vivo by proteases
that impose tension-inhibited pruning? The mean co-
ordination of these networks is significantly lower than
ziso, so significant prestress must be maintained in or-
der for the networks to be rigid. This prestress must
be supported and rigidity maintained under wildly vary-
ing extreme deformation even as some filaments are be-
ing destroyed by tension-inhibited proteins (e.g. cofilin,
collagenase, plasmin) [20–28]. Our results show that se-
lectively pruning low-tension edges leads to significantly
smaller values of zc for the same prestrain when com-
pared to random pruning. Selective pruning also gen-

erates networks with significantly higher shear modulus
when the maximum edge tension is limited. We conjec-
ture that the functional advantage inferred by this higher
sti↵ness may explain the repeated evolution of the motif
of tension-inhibited severing proteins [20–28].
Living biological filament networks are dynamically re-

modeled; new filament constantly replace severed and
depolymerized ones in a homeostatic state. The living
cortex undergoes large strain fluctuations with a heavy-
tailed distribution [45] of amplitudes, termed cytoquakes.
It seems possible that the distribution of these fluctua-
tions may be related to the tension distribution of the
most tensed filaments, as we report here, via mechanisms
such as filament severing, or myosin sliding or unbinding.
In the actomyosin cortex, dynamical remodeling leads

to complete turnover of actin filaments every 30 seconds
or so[17], with a correspondingly large expenditure of
metabolic energy. Turnover introduces an adaptive de-
gree of freedom for each edge of the network, correspond-
ing to whether the edge is there or not there. These
adaptive degrees of freedom are adjusted by local rules,
one of which is tension-inhibited pruning. Our results
on tension-inhibited pruning suggest that the result of
the local rules controlling turnover might be to allow the
cortex to maintain the collective property of rigidity un-
der constantly varying and complex mechanical stresses,
thus ‘justifying’ its high metabolic cost.
We thank Sadjad Arzash, Paul Janmey, Fred MacK-

intosh, Ayanna Matthews, Sidney Nagel and Daniel Re-
ich for instructive discussions. MAGC was supported
by NSF through the University of Pennsylvania Materi-
als Research Science and Engineering Center (MRSEC)
since the inception of DMR-2309043, and by NSF-PHY-
1915174 and NSF-DMR-2005749 prior to that. AJL
thanks the Simons Foundation for support via #327939
as well as the Center for Computational Biology at the
Flatiron Institute. AJL also thanks the Isaac Newton
Institute for Mathematical Sciences at Cambridge Uni-
versity (EPSRC grant EP/R014601/1), for support and
hospitality.

[1] J. Solon, I. Levental, K. Sengupta, P. C. Georges, and
P. A. Janmey, Fibroblast adaptation and sti↵ness match-
ing to soft elastic substrates, Biophysical journal 93, 4453
(2007), publisher: Elsevier.

[2] D. Mizuno, C. Tardin, C. F. Schmidt, and F. C. MacK-
intosh, Nonequilibrium mechanics of active cytoskeletal
networks, Science 315, 370 (2007), publisher: American
Association for the Advancement of Science.

[3] B. D. Ho↵man and J. C. Crocker, Cell mechanics: dis-
secting the physical responses of cells to force, Annual
review of Biomedical Engineering 11, 259 (2009), pub-
lisher: Annual Reviews.

[4] S.-Y. Tee, J. Fu, C. S. Chen, and P. A. Janmey, Cell
shape and substrate rigidity both regulate cell sti↵ness,
Biophysical journal 100, L25 (2011), publisher: Elsevier.

[5] R. Vargas-Pinto, H. Gong, A. Vahabikashi, and M. John-

son, The e↵ect of the endothelial cell cortex on atomic
force microscopy measurements, Biophysical journal 105,
300 (2013), publisher: Elsevier.

[6] A. Rigato, A. Miyagi, S. Scheuring, and F. Rico, High-
frequency microrheology reveals cytoskeleton dynamics
in living cells, Nature physics 13, 771 (2017), publisher:
Nature Publishing Group UK London.

[7] S. Arzash, J. L. Shivers, and F. C. MacKintosh, Shear-
induced phase transition and critical exponents in three-
dimensional fiber networks, Physical Review E 104,
L022402 (2021).

[8] S. Arzash, J. L. Shivers, and F. C. MacKintosh, Finite
size e↵ects in critical fiber networks, Soft Matter 16, 6784
(2020).

[9] A. Sharma, A. J. Licup, K. A. Jansen, R. Rens, M. Shein-
man, G. H. Koenderink, and F. C. MacKintosh, Strain-

https://doi.org/10.1529/biophysj.106.101386
https://doi.org/10.1529/biophysj.106.101386
https://doi.org/10.1126/science.1134404
https://doi.org/10.1146/annurev.bioeng.10.061807.160511
https://doi.org/10.1146/annurev.bioeng.10.061807.160511
https://doi.org/10.1016/j.bpj.2010.12.3744
https://doi.org/10.1016/j.bpj.2013.05.034
https://doi.org/10.1016/j.bpj.2013.05.034
https://doi.org/10.1038/nphys4104
https://doi.org/10.1103/PhysRevE.104.L022402
https://doi.org/10.1103/PhysRevE.104.L022402
https://doi.org/10.1039/D0SM00764A
https://doi.org/10.1039/D0SM00764A


6

controlled criticality governs the nonlinear mechanics of
fibre networks, Nature Physics 12, 584 (2016).

[10] A. J. Licup, S. Münster, A. Sharma, M. Sheinman, L. M.
Jawerth, B. Fabry, D. A. Weitz, and F. C. MacKintosh,
Stress controls the mechanics of collagen networks, Pro-
ceedings of the National Academy of Sciences 112, 9573
(2015).

[11] A. Bose, M. F. J. Vermeulen, C. Storm, and W. G. El-
lenbroek, Self-stresses control sti↵ness and stability in
overconstrained disordered networks, Physical Review E
99, 023001 (2019).

[12] S. Alexander, Amorphous solids: Their structure, lattice
dynamics and elasticity, Physics Reports 296, 65 (1998).

[13] O. K. Damavandi, V. F. Hagh, C. D. Santangelo, and
M. L. Manning, Energetic rigidity. I. A unifying theory
of mechanical stability, Physical Review E 105, 025003
(2022).

[14] O. K. Damavandi, V. F. Hagh, C. D. Santangelo, and
M. L. Manning, Energetic rigidity. II. Applications in
examples of biological and underconstrained materials,
Physical Review E 105, 025004 (2022).

[15] M. Merkel, K. Baumgarten, B. P. Tighe, and M. L.
Manning, A minimal-length approach unifies rigidity in
underconstrained materials, Proceedings of the National
Academy of Sciences 116, 6560 (2019).

[16] B. Cui, G. Ruocco, and A. Zaccone, Theory of elas-
tic constants of athermal amorphous solids with internal
stresses, Granular Matter 21, 69 (2019).

[17] M. Fritzsche, A. Lewalle, T. Duke, K. Kruse, and
G. Charras, Analysis of turnover dynamics of the sub-
membranous actin cortex, Molecular Biology of the Cell
24, 757 (2013).

[18] S. Mukhina, Y.-l. Wang, and M. Murata-Hori, ↵-Actinin
Is Required for Tightly Regulated Remodeling of the
Actin Cortical Network during Cytokinesis, Developmen-
tal Cell 13, 554 (2007).

[19] C. A. Wilson, M. A. Tsuchida, G. M. Allen, E. L. Barn-
hart, K. T. Applegate, P. T. Yam, L. Ji, K. Keren,
G. Danuser, and J. A. Theriot, Myosin II contributes
to cell-scale actin network treadmilling through network
disassembly, Nature 465, 373 (2010).

[20] P. M. McCall, F. C. MacKintosh, D. R. Kovar, and M. L.
Gardel, Cofilin drives rapid turnover and fluidization of
entangled F-actin, Proceedings of the National Academy
of Sciences 116, 12629 (2019).

[21] V. E. Galkin, A. Orlova, and E. H. Egelman, Actin Fil-
aments as Tension Sensors, Current Biology 22, R96
(2012).

[22] D. Pavlov, A. Muhlrad, J. Cooper, M. Wear, and
E. Reisler, Actin Filament Severing by Cofilin, Journal
of Molecular Biology 365, 1350 (2007).

[23] A. C. Schramm, G. M. Hocky, G. A. Voth, L. Blanchoin,
J.-L. Martiel, and E. M. De La Cruz, Actin Filament
Strain Promotes Severing and Cofilin Dissociation, Bio-
physical Journal 112, 2624 (2017).

[24] K. Hayakawa, H. Tatsumi, and M. Sokabe, Actin fila-
ments function as a tension sensor by tension-dependent
binding of cofilin to the filament, Journal of Cell Biology
195, 721 (2011).

[25] Y. Nabeshima, E. S. Grood, A. Sakurai, and J. H. Her-
man, Uniaxial tension inhibits tendon collagen degrada-
tion by collagenase in vitro, Journal of Orthopaedic Re-
search 14, 123 (1996).

[26] E. Yi, S. Sato, A. Takahashi, H. Parameswaran, T. A.

Blute, E. Bartolák-Suki, and B. Suki, Mechanical forces
accelerate collagen digestion by bacterial collagenase in
lung tissue strips, Frontiers in Physiology 7, 287 (2016).

[27] K. Saini, S. Cho, L. J. Dooling, and D. E. Discher, Ten-
sion in fibrils suppresses their enzymatic degradation–a
molecular mechanism for ‘use it or lose it’, Matrix Biol-
ogy 85, 34 (2020).

[28] S. J. Cone, A. T. Fuquay, J. M. Litofsky, T. C. Dement,
C. A. Carolan, and N. E. Hudson, Inherent fibrin fiber
tension propels mechanisms of network clearance during
fibrinolysis, Acta Biomaterialia 107, 164 (2020).

[29] M. Stern and A. Murugan, Learning Without Neurons in
Physical Systems, Annual Review of Condensed Matter
Physics 14, 417 (2023).
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Appendix A: Linear response formalism for
prestressed networks

All mechanical properties of the networks are calcu-
lated in linear response, which we adapt from previous
work to include the e↵ects of prestress. All networks con-
sidered are composed of harmonic springs with the same
stretching sti↵ness ki = 1 and no bending interactions.
We calculate the change in energy of the network after a
deformation given by some strain tensor ✏ from the lowest
order expansion of the energy

�E =
X

i

ki�r
2
i,|| �

ti
ri
�r2i,? (A1)

where i runs over all edges of the network, �ri,|| (�ri,?) is
the total strain on edge i that is parallel (perpendicular)
to the edge direction and ti is the tension on edge i in
the reference state. The second term in eq. A1 is called
the prestress term.

The change in energy of the network can also be writ-
ten as

�E

V
=

1

2
✏↵�c↵���✏�� (A2)

where c↵��� is the sti↵ness tensor and V is the volume
of the network. Using both equations, we can use the
edge strain induced by the deformations to calculate all
the components of the sti↵ness tensor as well as the bulk
modulus and angle-average shear modulus, given by

B =
1

9
(cxxxx + cyyyy + czzzz + 2cyyzz + 2cxxyy + 2cxxzz)

G =
1

15
(3cyzyz + 3cxyxy + 3cxzxz + cxxxx + cyyyy + czzzz

� cyyzz � cxxyy � cxxzz).
(A3)

To calculate the edge strains in eq. A1 we take a two
step approach where we first calculate the a�ne strain
induced by the strain tensor ✏ and then obtain the non-
a�ne strain from the forces that result from the a�ne
deformation. The non-a�ne strain is obtained from

M↵��r
NA
↵ = f� (A4)

where M is the Hessian matrix, which includes both
unstressed and stressed components, similar to the sep-
aration observed in eq. A1. The total strain is the sum
of the a�ne and non-a�ne components, and can then
be used to calculate the change in energy of the network
under the applied strain tensor.

We also note that all mechanical properties can be bro-
ken down to their contributions from each edge in the
network. Eq. A1 can be written as �E =

P
i �Ei and

similar reasoning with equations A2 and A3 allows us to
define the ith edge contribution to the bulk (shear) mod-
ulus Bi (Gi). These can be used as targets for pruning
strategies along with the energy of edge i in the refer-
ence state Ei, and we will show that all these quantities
become correlated during pruning.

Appendix B: Correlations between Ei, Bi and Gi

The edge contributions to the shear and bulk modulus
can be used as the basis of a controlled pruning strategy
and have been previously shown to lead to very e�cient
tuning of mechanical properties, but there is no known
mechanism for cleaving proteins in biopolymer networks
to measure these quantities. These proteins can however
measure edge tension (which in our model is equal to the
square root of Ei), and the di↵erence between a tension-
based pruning strategy and a Bi or Gi based pruning
strategy will depend on the degree of correlation between
Ei, Bi and Gi.
We measured the Pearson correlation coe�cients be-

tween Ei and the edge moduli for all our networks during
pruning

corr(A,B) =
h(A� hAi)(B � hBi)i

�A�B
(B1)

where �X is the standard deviation of X and the aver-
age is taken over all edges. The resulting coe�cient are
shown in fig. A1, and show that correlations are very
high even in the initial states, and generally rise during
pruning and with increasing prestress. For su�ciently
prestressed networks that remain rigid at biologically rel-
evant coordinations we conclude that tension-based prun-
ing is equivalent to pruning based on local moduli, since
correlations approach 1 in that regime.

Appendix C: Finite size e↵ects on zc, B and G

In the paper, we have focused on the e↵ect of pruning
method and prestress on the value of the critical coor-
dination zc. In principle, this value could be a↵ected
by finite size e↵ects related to the size of our networks.
In order to account for this, we have performed pruning
in networks with a di↵erent number of nodes N ranging
from 256 to 2048. Fig. A2 shows that the critical co-
ordination is independent of the network size, suggesting
that the values of zc reported in the main manuscript are
accurate despite the size of the network.
For the bulk (B) and shear (G) moduli, finite size ef-

fects can obscure a finite discontinuity at z = zc. We have
ran simulations of both methods of pruning for both the
tension and shear prestresses at a high nominal prestrain
in order to determine if there is a finite discontinuity be-
fore loss of rigidity at small zc. Fig. A3 shows that for all
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FIG. A1. Pearson correlations coe�cients between Ei and Bi (solid), and Ei and Gi (dashed) during random (top) and min
Ei (bottom) pruning. The coe�cients are calculated for di↵erent types of prestress (colors, see legend on top left) and di↵erent
values of initial prestrain (0.0001 (left), 0.001 (center) and 0.01 (right)).

types of prestress the bulk modulus shows a finite discon-
tinuity, while the shear modulus only has a discontinuity
for the system prestressed by pure shear.

Appendix D: Scaling of shear modulus at fixed
coordinations

Fig. A4(a) shows that for a fixed mean coordination
z,networks display the same scaling of the shear modu-
lus with tension, independent of z or the pruning strat-

egy. This exponent has already been reported in the
literature, where the scaling was calculated by varying
the tension applied to networks at a fixed z. The bulk
modulus is relatively constant across the whole range of
prestrain for both pruning methods.
Fig. A4(b) shows the ratio of the shear modulus of

min Ei pruned networks to the modulus of randomly
pruned networks at the same values of z as panel (a).
At high tensions, this ratio approaches 1, implying that
under very high tension the shear modulus is insensitive
to pruning strategy.
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FIG. A2. Critical coordination zc for networks of di↵erent number of nodes N at di↵erent prestrains for both min Ei (circles)
and random (squares) pruning. Data points are the average of 10 simulations, with error bars representing the standard
deviation. Di↵erent colors represent di↵erent nominal prestrains.

FIG. A3. Bulk (open) and shear (filled) moduli of networks with N = 256 (blue triangles), 512 (black circles), 1024 (red
squares) or 2048 (green triangles) nodes for both random (a,b) and min Ei (c,d) pruning as a function of �z. The nominal
prestrain used was 0.05. In (a,c) networks prepared under pure tension, while in (b,d) networks were prepared under pure
shear. B approaches a non-zero constant in all panels, but G goes to 0 as �z ! 0 in (a,c) and approaches a di↵erent constant
in (b,d).
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FIG. A4. (a) Shear modulus of pruned networks at di↵erent values of z. For z below the isostatic value, the shear modulus
modulus depends on the tension on the network as a power law with exponent 0.85 and this exponent is independent of pruning
protocol. Open symbols are min Ei pruned networks while solid symbols are randomly pruned. (b) At fixed z, the ratio of the
modulus of minEi pruned networks to randomly pruned networks decreases and approaches 1 as tension increases. The slope
decreases with decreasing z, and at su�ciently low z the ratio is not bigger than 1.2 for any tension.
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