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Abstract 
Dynamic molecular clusters are assembled through weak multivalent interactions and are platforms for 
cellular functions, especially receptor-mediated signaling. Clustering is also a prerequisite for liquid-
liquid phase separation.  But it is not well understood how molecular structure and cellular organization 
control clustering. Using coarse-grain kinetic Langevin dynamics, we performed computational 
experiments on a prototypical ternary system modeled after membrane-bound nephrin, the adaptor 
Nck1 and the actin nucleation promoting factor NWASP. Steady state cluster size distributions favored 
stoichiometries that optimized binding (stoichiometry matching), but still were quite broad. At high 
concentrations, the system can be driven beyond the saturation boundary such that cluster size is 
limited only by the number of available molecules. This behavior would be predictive of phase 
separation. Domains close to binding sites sterically inhibited clustering much less than terminal 
domains because the latter effectively restrict access to the cluster interior. Increased flexibility of 
interacting molecules diminished clustering by shielding binding sites within compact conformations. 
Membrane association of nephrin increased the cluster size distribution in a density-dependent 
manner. These properties provide insights into how molecular ensembles function to localize and 
amplify cell signaling. 
 
Introduction 

Dynamic molecular clusters can form through weak binding interactions between multivalent 
molecules. They are highly plastic structures with a distribution of stoichiometries and sizes; they are 
becoming increasingly recognized as molecular platforms to drive key cellular functions, especially 
receptor-mediated signaling (2-12). For example, the epidermal growth factor receptor (EGFR) 
dimerizes and develops kinase activity when it binds its ligand, resulting in multiple phosphorylated 
sites on the cytoplasmic domains; these in turn interact with multiple SH2 domains on other multivalent 
scaffold or adaptor proteins, which then recruit additional binding partners (13). The result is the 
formation of multi-molecular dynamic ensembles with a distribution of stoichiometries and sizes, but 
with robust and specific cell signaling functions. We and others have used the term “ensemble” (4, 6, 
7, 12, 14, 15) to specifically convey the notion of dynamic cluster composition and size. Formation of 
molecular ensembles is also a prerequisite for the phenomenon of liquid-liquid phase separation, 
which has become a major focus of cell biophysics research (16, 17).  

The physical and chemical properties of molecular ensembles are not well understood, but it is clear 
that multivalency underlies their formation even when the individual binding affinities are weak. 
Biophysical models of these systems may serve to address the interplay of valency and geometry by 
systematically varying the cellular and molecular features underlying these properties. Stochastic 
reaction-diffusion modeling at the cellular scale cannot fully account for steric effects or molecular 
flexibility, because molecules are typically modeled as infinitesimal points in space (18-20). In 
principle, multimolecular/multistate interactions could be modeled with atomistic molecular dynamics 
simulations, but the large sizes of these systems and the need to simulate on the second timescale 
make such simulations computationally impractical.  

In this work, we explore the interplay of multivalency and spatial effects with SpringSaLaD (21), a 
modeling and simulation software application developed in our lab that bridges the scales between 
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molecular dynamics and cellular modeling. SpringSaLaD uses a Langevin dynamics formulation for 
linking spherical domains (or “sites”) with stiff springs to transmit the random diffusion-derived forces 
impinging on each site. It uses a unique exact formulation to relate bimolecular macroscopic on-rates to 
the microscopic reaction probabilities. Stochastic reaction-diffusion simulations are then run within a 3D 
rectangular spatial domain. We show how multivalency, membrane anchoring, steric interactions, 
molecular flexibility and the crowded cell environment all influence the size and distribution of molecular 
ensembles.  

We do this by performing computational experiments on a prototypical multivalent system with a 
membrane anchored protein containing 3 phosphotyrosine (pTyr) sites, an adaptor protein containing 
one SH2 domain and 3 SH3 domains, and an effector protein consisting of 6 proline-rich motifs (PRMs) 
(22). This model is inspired by the nephrin - Nck1 - NWASP system, which we have previously studied 
with a non-spatial simulation algorithm based on Flory-Stockmayer theory (4). This system has also 
been extensively investigated experimentally by the Rosen lab (23, 24) and has been shown to exhibit 
liquid phase separation in vitro. Our model does not explicitly account for non-specific weak interactions 
between proteins such as electrostatics or the role of water in the liquid droplet phase. So we do not 
attempt to quantitatively model phase separation. However, we can show that at high concentrations 
cluster size is not self-limiting and grows as the number of available molecules increases, as would be 
expected for phase separation on a macroscopic scale. 

 Methods 

The SpringSaLaD simulation algorithm has been fully described (21), but will be briefly summarized 
here. Macromolecules are represented as a series of hard spherical sites that are linked by stiff springs. 
The motions of molecules are governed by a Langevin dynamics formulation that uses a diffusion 
coefficient assigned by the modeler to each site to calculate a distribution of random forces applied to 
each sphere. The forces are transmitted vectorially to neighboring sites in the molecule through the stiff 
spring linkers. Some of the spheres can represent binding sites, where the assigned on-rates with 
binding partners, together with their respective diffusion coefficients are used to calculate a reaction 
radius and reaction probability within each a time step. The shorter the time step the higher the accuracy 
of the simulations. A new bond is represented, simply, as a new stiff spring linking the binding sites. 
Inputs of off-rates are directly used to determine the probability of dissociation during a time step. In this 
study, we are primarily interested in characterizing the size and composition of clusters at steady state. 
We do this by initiating simulations with a random spatial distribution of elongated monomers and 
allowing them to diffuse and react stochastically until the average cluster size fluctuates around a stable 
size. We statistically analyze 50 stochastic trajectories for each condition. The 50 simulations are run in 
parallel on the CCAM High Performance Compute Cluster (https://health.uconn.edu/high-performance-
computing/resources/); a typical run with 36 molecules for 500 ms requires 7 hours. 

 Molecule construction 

 Our model has three molecular components – nephrin, Nck and NWASP. Each protein has multiple 
domains, which take part in biochemical interactions. While some of the specific domain structures are 
solved experimentally, the full protein structures are not yet available in the literature. So we have used 
secondary structure prediction homology modeling with web-server platforms like RaptorX 
(http://raptorx.uchicago.edu) (25) and Phyre2 (http://www.sbg.bio.ic.ac.uk/phyre2) (26) to generate 
approximate secondary structures from the amino acid (aa) sequences of interest. SpringSaLaD was 
then used to generate coarse grain models composed of multiple spheres linked with stiff spring linkers 
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(Fig. 1). The relative sizes of the sites (Fig.S1) are determined by the predicted structures with the aid of 
a k-means clustering algorithm, mol2sphere (27). 

 

Parameters           

In SpringSaLaD, each site is assigned a diffusion coefficient (D). Because we are interested in the 
steady state cluster size distributions, as opposed to the kinetics of cluster formation, we could use 
somewhat smaller diffusion coefficients (Table 1) than realistic estimates; this permitted us to use longer 
time steps for our simulations, thus increasing computational throughput. Table 1 shows the D  

 

Figure 1: Construction of model components by coarse-graining the protein structures. (A) 
165 aa long intracellular part of the transmembrane protein nephrin is modelled with 8 sites, three of 
them (red) represent pY-containing binding sites which bind to SH2 domains; this molecule is 
tethered with membrane (yellow linesurface) with the anchoring site (grey). (B) 376 aa long 
cytoplasmic protein Nck1 is modelled with three SH3 sites (magenta), one SH2 site (yellow) and one 
linker site (light pink).SH3_3 domain in the Nck1 secondary structure (B.1) is shown in reddish 
magenta for clarity. (C) 505 aa containing cytoplasmic protein NWASP has a lot of intrinsically 
disordered region (specially the proline rich motifs in 277-392) in its sequence. No secondary 
structure is predicted for the proline-rich sequence by most of the prediction software (shown in black 
dotted line). So this stretch is assumed to adopt polyproline-II (PP-II) type helical structure (average 
distance between two residues is 0.31 nm (1)) which is modelled with six binding sites (green) for 
SH3 domains and five structural sites (pink). The N-terminal (1-276) and C-terminal sequences (393-
505) are modelled with four and one structural sites respectively, according to the predicted 
secondary structures. 
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TABLE 1: PARAMETERS USED IN THE REFERENCE MODEL 

  

[NEPHRIN] 9.06 µM 

[NCK] 33.22 µM 

[NWASP] 16.61 µM 

KD SH2 (NCK) – PY (NEPHRIN) 1 µM (kon = 100 µM-1 s-1 ;koff = 100 s-1) 

KD SH3 (NCK) – PRM (NWASP) 100 µM (kon = 100 µM-1 s-1; koff = 10000 s-1) 

D NEPHRIN_ANCHOR_SITE 0.05 µm2/s 

D NEPHRIN_CYTOSOLIC_SITES 1 µm2/s 

D NCK_SITES 2 µm2/s 

D NWASP_SITES 2 µm2/s 

 

values assigned to the molecular sites. The high affinity binding of a pY site on nephrin to the SH2 
domain on Nck is assigned a Kd of 1 µM (28); the low affinity binding between a Nck SH3 domain and 

 

Figure 2: Clustering dynamics of the “reference” system. (A) The system contains a total of 36 
molecules (6 nephrin, 20 Nck, 10 NWASP) in a cubic reaction volume (X = Y = Z = 100 nm) with 0 flux 
boundary conditions; XY surface represents the membrane where nephrin is anchored. At the beginning 
of simulation (t = 0), 36 molecules are distributed randomly (nephrin onto the membrane, Nck and 
NWASP in the cytosol) in the reaction volume. (B, C) Molecular clustering happens due to diffusion 
driven (multivalent) bimolecular interactions. At steady state (t ~ 100 ms), most clusters reside in the 
vicinity of membrane.    
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a PRM on NWASP is assigned a Kd of 100 µM (29). Again, because the actual binding or dissociation 
rates do not affect the equilibrium cluster sizes, we chose values in Table 1 to optimize computational 
throughput. We checked some simulation results with both shorter timesteps and larger D values to 
assure that the steady state cluster characteristics were accurate when using our nominal values. All 
these input specifications can be found in the SpringSaLaD input files included in Supporting 
Information. 

 

Results 

Analysis of cluster size and composition 

The baseline reference system (with which other configurations will be compared) consists of 36 
molecules in a cubic domain 100 nm on each side as described in Figs. 1 and 2. The proportion of 
nephrin:Nck:NWASP was 6:20:10, respectively and chosen to approximate the optimal stoichiometry 
for binding site interactions; that is, in the reference system there are 18 pTyr sites interacting with 20 

 

Figure 3: Quantification of molecular clustering. The steady state distributions (A, B) are 
sampled over five time points (100 - 500 ms) with the interval of 100 ms within all of the 500 
trajectories. Thus, 250 independent samples are used to generate the histogram in A and B. Each 
time course (C, D) is averaged over 50 trajectories.
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SH2 sites and 60 SH3 sites interacting with 60 PRM sites. Typically, we analyzed outputs from 50 
trajectories. We can display the steady state outputs of these simulations as histograms, as illustrated 
in Fig. 3. In Fig. 3A, the abscissa corresponds to the average cluster size at steady state from a single 
simulation; this is calculated as the number of molecules (36 for the reference system) divided by the 
number of clusters. Thus, if a simulation produces 2 clusters each containing 18 molecules and 
another simulation produced 2 clusters containing 1 and 35 molecules, they would each yield the 
same average cluster size of 18. Since the number of clusters and the number of molecules are both 
small integers, only certain average cluster sizes are mathematically possible as can be seen from the 
sparse distribution in the histogram (Fig.3A).To better examine how molecules are distributed over all 
possible cluster sizes, we can use an analysis displayed in Fig. 3B. Here, the abscissa is every 
possible cluster size from 1 to 36 molecules; the ordinate is the fraction of molecules populating these 
cluster sizes. For the scenario described above, a pair of 18mers would produce a single histogram 
entry at 18 on the abscissa with fraction of 1 on the ordinate; a configuration containing 1 monomer 
with 1 35mer would have an abscissa entry at 1 with a height of 0.028 and at 35 with a height of 0.972. 
For both of these histograms, we calculate weighted means, indicated by the dashed lines in Figs. 3A 
and B, that we term, respectively, Average Cluster Size (ACS) and Average Cluster Occupancy 
(ACO). For our 2 extreme scenarios, the ACS is 18 for both; the ACO for 2 18mers is 18 and for the 
combination of monomer and 35mer, ACO is 34.06. We can compute the ACS and ACO for each of 
the time points to generate averaged trajectories (Figs. 3C. and D.). The kinetics for both methods of 
assessing clustering are similar, reaching steady state by 100 ms. To produce the histograms in Figs. 
3A and B, we use this 100 ms relaxation of the system as an interval over which to sample five time 
points (100 - 500 ms). As each time point corresponds to 50 runs, 250 independent data points are 
used to plot the steady state distributions in Fig.3A, 3B. Supplemental Figure S2 shows 5 
representative individual trajectories over 500ms; the fluctuations within each of these show the 
system repeatedly accesses large clusters only to fall back to the smaller average steady state cluster 
sizes. To test whether there might be an additional slow component toward the steady state, we ran 
simulations out to 10 seconds (Supplementary Figure S3); there was no evidence of any longer term 
change. 

 

Cluster size is insensitive to the number of available molecules until a concentration threshold 
is exceeded.  

A surprising property is the insensitivity of the ACS and ACO to the system’s size for this reference 
system. When we increase or decrease the number of molecules, keeping the molecular 
concentrations the same by adjusting the size of the domain, cluster size distributions and means turn 
out to be similar (Fig. 4). This indicates that the small number of available monomers does not limit the 
size of the clusters. Rather, this similarity in cluster sizes suggests that the system is sufficiently large 
to be approximated by equilibrium thermodynamics. In particular, there appears to be a balance of 
enthalpy and entropy that governs the size distributions of clusters and does not allow monomers to 
condense into a single large cluster.  With a larger number of molecules, the average cluster size 
displays a much tighter distribution (Fig. 4A, bottom) because the higher number of possible average 
cluster sizes reduces the stochasticity of each average for individual steady state points. However, 
remarkably, there is very little effect on the shape of the distribution of fractional occupancy (Fig. 4B). 
This suggests that the shape of the distributions in Fig. 4B correctly reflects the tendency of the 
system to favor certain cluster sizes, as will be further discussed below. Overall, this analysis also 
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indicates that our reference system with 36 molecules, is sufficiently large to provide a good 
representation of the steady state system behavior.  

 

Figure 4: Clustering behavior is independent of system size for the reference system. (A, B) 
Steady state distribution of average and individual cluster sizes. The number of molecules are: 36 
(blue), 18 (red) and 144 (green). The volume and membrane surface area is adjusted to maintain 
the same concentration and surface density in each simulation. 

 

 

Figure 5: Higher affinity binding quantizes the cluster size distributions but the mean 
occupancy is still self-limiting. (A) Kds are reduced by a factor of 10 from those in Table 1; (B) 
Kds are reduced by a factor of 100 from those in Table 1. The upper row is for 36 molecules in a 
100nm X 100 nm X100nm volume; the lower row is for 144 molecules in a 200nm X 200nm X 
100nm volume. 
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Increasing the affinity of binding 
(i.e. decreasing the Kds in Table 1), 
would be expected to produce 
larger clusters that may no longer 
be self-limiting as a function of 
system size. We tested this (Fig. 5) 
and found that the mean cluster 
size does increase compared to the 
reference system, as expected 
(compare Fig. 4), but the cluster 
size is still self-limiting. 
Interestingly, the histogram 
becomes quantized as strong intra-
cluster interactions tend to saturate 
all the binding sites before clusters 
can grow. This behavior at high 
affinity, which is clearly a reflection 
of stoichiometry matching in these 
multivalent systems, has been 
previously compared to a “magic 
number” effect in physics (30), but 
is also akin to balancing a reaction 
equation in chemistry. For example, 
the prominent 11mer peak in the histograms in Fig. 5, corresponds to a nephrin2Nck6NWASP3 cluster 
– the smallest cluster in which each binding site is fully occupied. Even in the weaker binding system 
of Fig. 4B, the shape of the distribution of fractional occupancies remains remarkably the same as the 
system size increases. This reveals a tendency to maximize the binding site occupancy in individual 
molecules by favoring certain stoichiometries. 

We examined whether the cluster size was self-limiting at higher concentrations by raising the 
concentrations 2 fold and 4 fold (Fig. 6 and Fig. S4). For 2X concentrations, the system was still self-
limiting; specifically, increasing the number of molecules from 72 (in a 100nm X 100nm X100nm 
volume) to 144 (in a 200nm X 100nm X100nm volume) produced the same distribution of cluster sizes 
with an average occupancy of ~15. However, for 4X concentration, the average occupancy continues 
to increase steadily up to the largest system size of 576 molecules (in a 200nm X 200nm X100nm 
volume) (Fig. 6, green plot). Thus, the 4X concentration has taken our system beyond the saturation 
boundary and cluster size distributions are no longer self-limiting. This system, which displays cluster 
distribution with a long tale and some clusters larger than 400 molecules (Fig. S4), would be predicted 
to display macro-aggregates corresponding to a phase separation.  

 Multivalency and optimal stoichiometry increases cluster size 

 Molecular clustering is a direct consequence of multivalent interactions between binding partners, but 
how this works in a specific system can be hard to predict. Here, we directly address this problem 
computationally. We manipulate the nephrin molecule to create three situations where the total 
number of binding sites are same, but the valency states are different (Fig.7A): 3 pY sites on each of 6 
nephrin (3v, the “reference” system), 2 pY sites on each of 9 nephrin (2v), and 1 pY sites on each of 
18 nephrin (1v). Nck and NWASP configurations are the same for all 3 scenarios. The histogram of 

 

Figure 6. At high enough concentrations, the cluster size 
is not self-limiting. The concentrations are relative to the 
reference system (Table 1). Details of the dimensions of 
each simulation volume are given in Supporting Fig. S4, 
together with the full histogram corresponding to each of the 
points in this plot. 
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fractional occupancy shifts to the left and, correspondingly, ACO decreases with reduced valence 
state (Fig. 7B). In considering this, it is important to appreciate that the strong interaction between the 

 

Figure 7: Multivalency increases cluster sizes. (A) Three Nephrin constructs with different 
valency; red sites represent pY (SH2 binding sites). The number of these tri, bi, and monovalent 
Nephrin molecules are adjusted (6, 9, 18 respectively) such that the total number of pY-sites 
remains same in all three cases. (B) Steady state distributions of individual cluster sizes (the dotted 
line represents the mean of the distribution).  

 

 

Figure 8: Effect of linker length. (A) The reference system compared to molecules where the 
linkers are increased by 1nm and 2nm. Only Nephrin is shown but the linker lengths were 
incremented in the same way in Nck and NWASp. (B) Steady state distributions of molecular 
occupancies (dotted line indicates the mean of the distributions).  
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pY sites on nephrin and the single SH2 site on Nck assures that almost all the pY sites will be 
occupied with Nck in all 3 scenarios (as confirmed by the simulations results). Therefore, the effect of 
nephrin valency is actually to gather multiple Nck into a reduced local volume for interaction with the 
NWASP molecules. It should also be noted that this multivalency effect is over and above the effect of 
localizing the nephrin to the membrane, which actually becomes densely covered with nephrins for the 
1v case, with 18 nephrins/104nm2 (the effect of membrane localization is fully considered below).  

Fig. 7B shows how the broad distribution of the reference trivalent nephrin system gives way to much 
sharper distributions when the nephrin valency is decreased. Strong preference for tetramers and 
pentamers are seen for the bivalent and monovalent, respectively, nephrin molecules. Again, optimal 
binding site stoichiometry underlies these preferences. The perfect binding site stoichiometry (nephrin: 
Nck: NWASP) for the bivalent system is 1:2:1 and for the monovalent nephrin, 2:2:1, accounting for 
the preference for tetramers and pentamers seen in Fig. 7B and Table S1. Overall, this analysis 
indicates that at a fixed affinity, increasing multivalency leads to larger clusters, but with broader size 
distributions. 

As noted above, the count ratio of each molecule in the reference system, 6:20:10, was chosen to 
optimize the possible number of interactions between, respectively, nephrin, Nck and NWASP. We 
asked how clustering might be affected by altering the ratios of these molecules, keeping the total 
number of molecules at 36 (Table. S2). As expected, the reference system produces the largest 
clusters. Interestingly, however, a system where the ratio is, respectively, 10:20:6, is practically as 
good, despite the poor match between available binding site partners. What seems to be more 
important than the best match is the availability of a high level of Nck, which serves as an “adaptor” to 
link multivalent nephrin to multivalent NWASP.  

 

Figure 9: Non-binding structural sites in NWASP exert steric effects that reduce cluster size. 
Sizes of NWASP structural sites are varied, keeping the sizes of PRM binding sites (green) 
unchanged. (A) Reference; (B) Larger structural sites; (C) Smaller structural sites; (D) NWASP 
without the peripheral structural sites. Corresponding steady state distributions of individual cluster 
sizes (dotted line indicates mean of the distribution) are shown on the right. Only NWASP is varied 
in these computational experiments; nephrin and Nck retain their reference structures. 
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Interplay of steric effects, proximity effects and protein flexibility  

Our model gives us a unique opportunity to probe the effect of molecular structural features on cluster 
formation. We first asked if the clustering propensity depends on the intramolecular distances between 
binding sites. We created two systems where the linker lengths within a molecule are elongated by 1 
nm and 2 nm respectively compared with the reference system (Fig. 8A). As the distance between 
sites is increased, there is a dramatic shift in the distribution of molecules into larger clusters and a 
corresponding increase in mean cluster occupancy (Fig. 8B). The probable reason for this behavior is 
that with longer linkers, binding sites in the interior of a large cluster remain more accessible to 
additional binding partners; i.e. steric hindrance within the interior of a cluster is reduced with longer 
distances between binding sites.  

While the analysis in Figure 8 is informative, in that it isolates the effect of distance between sites, the 
linkers in SpringSaLaD have 2 attributes that limit how they can represent the regions between binding 
sites: they are inflexible and they are sterically transparent. Therefore, to better represent the actual 

 

 

Figure 10: Flexibility within the binding domains and spacing between PRM sites control 
cluster sizes. (A) Reference configuration, (B) pivot sites (pink) flanking the PRM sites (green) are 
removed; (C) Similar to reference system, except the sizes of pivot sites in between PRM are 
smaller (diameter = 1 nm); (D) Bare PRM sites; (E) Similar to B except the linker lengths between 
PRM sites are shortened to 4 nm; (F) Bare PRM sites with 4 nm linker lengths. Nephrin and Nck 
configurations are kept same in all these cases. At the right are the corresponding steady state 
distributions of individual cluster sizes (dotted line indicates the mean of the distribution). 
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molecular structures, we included “structural” sites in all our molecules, as identified in Fig. 1.These do 
not have any binding attributes, but they do exclude volume and serve as pivot points for 
conformational flexibility. To isolate the steric effect, we create three NWASP constructs (Fig. 9) with 
similar flexibilities, but different steric effects by varying the sizes (Fig. S5) of the structural sites 
(nephrin and Nck retain their reference structures in all these simulations). Compared to the reference 
system (Fig. 9A), increasing the size of all structural sites (Fig. 9B) moderately decreases the 
clustering, while decreasing their sizes (Fig. 9C) moderately increases the cluster sizes. As would be 
expected, these changes reveal the influence of steric hindrance for binding interactions. Interestingly, 
removal of the peripheral structural sites from the reference NWASP molecule (Fig. 9D) dramatically 
increases the tendency to form larger clusters. This large effect of the peripheral binding sites can be 
attributed to their exclusion from the cross-linked interior of larger clusters (Fig. S6). This exclusion has 
the synergistic effects of unfavorably lowering the entropy of larger clusters and also serving as a 
steric barrier for the binding of monomers to available free binding sites in the interior. The 3 proteins 
that inspire this work all have intrinsically disordered region (IDR) in their sequences; the proline rich 
sequence in NWASP (31), the linker region between SH2 domain and first SH3 domain in Nck (24), 
and almost all the intracellular portions of the nephrin sequence (32). As a consequence of the 
flexibility of IDRs, the intramolecular distance between sites that flank them are more likely to vary in 
the course of interaction. To test the effect of flexibility, we created the NWASP molecules shown in 
Fig. 10 and simulated their clustering behavior with maintaining the reference structures of nephrin 
and Nck (Fig. 10A is the reference structure of NWASP). Interestingly, we see that the less flexible 
structure of Figs. 10B have the tendency to form very large clusters; structures with similar flexibilities 
but differently sized pivot sites (Fig. 10A vs. Fig. 10C) yield similar clustering behavior. This flexibility 
dependence could be explained by considering entropic effects. Since average cluster size is an 
equilibrium property, the loss of entropy would prevent the system from forming larger clusters, as 
discussed above. But the loss of entropy is not just due to the formation of multimers from monomers, 
but also because of the loss of conformational freedom resulting from the cross-linked multivalent 
binding. The more flexible the monomers, the greater the entropic loss upon cluster formation. 
Therefore, the steady state cluster size would go up with the less flexible initial structures, consistent 
with the trend shown in Fig. 10. Another way of explaining this would be the tendency of the less 
flexible molecules to populate relatively more extended conformations, where their binding sites 
remain more highly accessible. Turning to Fig. 10D, we see that decreasing both steric hindrance and 
flexibility produces the most dramatic enhancement of clustering, over and above the effects of each 
alone (compare Figs. 9D and 10B). Although we did not increase the system size (as in Fig. 6) to test 
if the cluster size distribution in Fig. 10D is self-limiting, we expect it is not and may be above the 
saturation boundary. 

Figs. 10E and 10F point to the importance of spacing between binding sites, which may also be 
contributing to the trends in Figs. 10A-D. The PRM sites bind to SH3 sites in NcK. The latter are 
approximately 4nm apart (Fig. S1). In the NWASP structures of Figs. 10E and 10F, the distances 
between the PRM was reduced to 4nm compared to 7nm in the similar structure of Figs. 10B and 10D, 
repsectively. Reducing the distances between the PRMs to the distances between their SH3 binding 
partners promotes multiple bonds between pairs of molecules in a ladder-like configuration. This limits 
the ability to form larger clusters by promoting the stoichiometry matching between arrays of 
complementary binding sites. Indeed, as discussed in connection with Fig. 5, the 11mer, which has the 
minimum number of molecules needed to occupy all binding sites, is prominent in the histograms for 
Figs. 10E and F. The flexibility of the PRMs around the pivot sites in Figs. 10A and C may also allow 
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for this laddering effect to contribute to the smaller sizes of their clusters, in addition to the entropy 
contributions discussed above. 

 

Membrane localization promotes multivalent clustering  

Signaling cluster formation takes place in the spatial region near the plasma membrane; so membrane 
associated proteins are likely to play a key role in this process. In principle, membrane anchoring can 
promote clustering by producing by confining binding sites to a region of approximately one molecular 
length from the membrane; this effectively increases the local concentration compared to sites that are 
free within the bulk volume. On the other hand, the membrane might serve as a steric barrier 
preventing the binding partners to approach the membrane-tethered molecular binding sites. To 
understand the interplay of these 2 opposing effects, we created three nephrin constructs where 
length of the anchor linker is increased gradually (keeping the cytosolic Nck and NWASP as in the 
reference system) to reduce the potential steric effect from the membrane;  we also include 
simulations where nephrin is detached from the membrane and free to diffuse around the cytosol, 
which should demonstrate the role of spatial confinement or effective higher local concentration 
around the membrane (Fig. 11). There is a small increase in fractional occupancy as a function of 
anchor length, indicating the steric contribution from the membrane is minor. Removing the membrane 
anchor results in a significant reduction of mean cluster occupancy, indicating that membrane 
confinement can potentiate clustering.  

To further probe the importance of spatial confinement at the membrane, we explore the effect of 
density of nephrin molecules at the membrane surface. In our reference configuration, we have a total 

Figure 11. Membrane anchoring of nephrin promotes clustering. (A) Nephrin constructs with 
varying anchor length, AL (which is the linker that connects first structural site with the anchor site) 
and without anchor. (B) Steady state distributions of individual cluster sizes (dotted line indicates 
the mean of the distribution).  
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of 36 molecules (6 nephrin, 20 Nck, 10 NWASP) in a cubic (X = Y = Z = 100 nm) reaction volume with 
nephrin anchored on the XY plane. We can change the membrane surface density of nephrin, while 
maintaining constant volume and monomer concentrations, by altering the X, Y, Z dimensions (Fig. 
12A, 12B, and 12C). When we increase the membrane density of nephrin in this way, we see a 

signifcant increase in average cluster size (Fig. 10D, E). Interestingly, the kinetics for approach to 
steady state is much slower for the higher density systems. As a control to assure that these effect are 
not associated with the aspect ratio, we performed simulations with the cubic and rectangular boxes in 

Figure 12: Increased nephrin membrane density promotes clustering. (A) Reference 
configuration in a cubic reaction volume (X = Y = Z = 100 nm); nephrin density = d (= 0.06 
molecules.µm-2).  (B) X = 50 nm, Y = 100 nm, Z = 200 nm; nephrin density = 2*d. (C) X = Y = 50 
nm, Z = 400 nm; nephrin density = 4*d. (D) Dynamics of average molecular occupancy; note that 
times to reach steady states are different. (E) Steady state distributions of molecular occupancies. 
For higher nephrin density cases (red and green), two steady state time points (100 realizations) are 
sampled, unlike the reference system (250 realizations). Total number of molecules are the same in 
all simulations. 
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Figures 12 A and C, but without anchoring nephrin to the membrane (Fig. S7); without membrane 
anchoring, there is no difference in cluster size or cluster occupancy.  Thus, the local confinement 
afforded by membrane anchoring significantly increases the propensity for clustering while decreasing 
the rate of cluster growth.  

Crowded cellular environment enhances clustering 

Cells contain a wide range of biomolecules with varying shapes and sizes; these molecules occupy 
physical volume and behave as obstacles to other diffusion driven processes. We next use our system 
to explore how molecular crowding might influence clustering in Fig. 13. We employ 320 spherical 
crowders of radius = 5 nm (Fig.13B). We see a large increase in average cluster size and occupancy 
upon adding the crowder. This enhancement of clustering can be attributed to an excluded volume 
effect, which increases the effective concentration (or thermodynamic activity) of the reactive 
molecules by reducing the available reaction volume. Although a simple calculation shows that our 
spheres fill ~1/6 of the 106nm3 reaction volume, the actual excluded volume might be better 
approximated by subtracting the packed volume of the spheres from the total volume; if we assume a 
cubic packing, this volume is 320 X (2r)3, or ~1/3 of the 106nm3 simulation volume. To test this effect of 
volume reduction, we modeled an additional case where 36 interacting molecules are put into a 2/3 of 
reference reaction volume with no crowders (Fig. 13C). The increase in average cluster size or 
occupancy is less than the crowded system. So the extent of volume exclusion is higher than the sum 
of closely packed volume of the crowder. This is likely a consequence of an additional excluded 
volume contribution from the finite size of the sites within the 36 interacting molecules. That is, the 
mass-center of each interacting molecule can’t access a spherical volume corresponding to the sum of 
its own radius and that of the crowder (Fig. S8). Also noteworthy is the slower kinetics of cluster 
formation in the crowded environment Fig. 10B, inset). This cannot be attributed simply to slower 
diffusion, as the diffusion of a single NWASP is not strongly retarded (Fig. S9). These results 
emphasize the importance of properly accounting for the sizes of macromolecules when modeling 
reaction networks containing multivalent interactions. 

Discussion 

The aims of our study were to establish the biophysical factors that shape how weakly binding 
multivalent interactions control the formation of dynamic clusters, which have been also called 
molecular ensembles. These are broadly important because molecular ensembles can serve as 
functional platforms for key cellular signaling systems. We have developed a kinetic model that utilizes 
a coarse representation (Figs. 1 and S1) of the key molecular features in 3 interacting multivalent 
molecules. It is inspired by the nephrin/Nck/NWASP system that underlies the structural integrity of the 
kidney filtration unit (33, 34). The multivalent binding domains from each of these molecules also 
served as the basis for a seminal study of microdroplet formation by liquid-liquid phase separation 
(23).  It is important to emphasize that our model is not intended to quantitatively predict the ability of 
this system to phase separate. This would require us to account for weak non-specific interactions 
(e.g. electrostatic) (17, 35). However, cluster formation through multivalent interactions is a definite 
prerequisite for liquid droplet phases, and if we push our own system to high concentrations we see 
behavior that has the hallmarks of phase separation (Fig. 6). Our study primarily focusses on 
elucidating the molecular and cellular structural features that control cluster formation and size.  
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Our reference system, which is below the saturation boundary for phase separation, consisted of 6 
membrane-bound nephrin molecules, 20 cytosolic Nck molecules and 10 cytosolic NWASP molecules 
in a cubic reaction volume of 100nm on a side; one face of the cube represented a planar patch of 
membrane within which the nephrin molecules could diffuse (Fig. 2 and Table 1). This stoichiometry 
was close to the optimal for maximizing interaction between all the binding sites on these multivalent 
molecules. Based on stochastic simulations, we analyzed the kinetic approach to steady state, the 
distribution of cluster sizes at steady state and the distribution of molecular occupancies within each 
possible cluster size (Fig. 3). We found the reference system of 36 molecules was sufficiently large to 
simulate all the key features of the system (Fig. 4) because, perhaps somewhat surprisingly, the 
cluster size and cluster occupancy histograms were very similar for 18, 36 or 144 molecules. This 
gave us confidence that the reference system properties could serve as a good baseline for 
computational experiments that systematically probed for the effects of molecular and cellular 
structure on the clustering behavior. It also demonstrated that a balance of enthalpic and entropic 
factors limited the size distribution of clusters and prevented their annealing into a single large 
complex. 

 

Figure 13: Molecular crowding enhances clustering beyond a simple excluded volume 
concentration effect. (A) Reference system with 36 interacting molecules in a 1003 nm3 cubic 
reaction volume. (B) System with 320 inert crowder (radius = 5 nm) along with 36 interacting 
molecules in the reference reaction volume. The crowders would take up ~1/3 of the volume based 
on cubic packing (each sphere with radius r would occupy an effective cubic volume having a side 
length of 2r). (C) 36 interacting molecules in 2/3 of the reference volume, i.e., (100*100*67) nm3. 
The Corresponding steady state distributions of molecular occupancies are shown in the right hand 
panels (inset shows the time course; τ is the characteristic time representing how fast the system 
converges to steady state). Since the crowded system takes longer to reach steady state, four time 
points (*50 runs = 200 realizations) are sampled for the distribution.
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As would be expected, decreasing valency decreases the steady state cluster size distribution (Fig. 7). 
This computational experiment mirrors the trend in an in vitro experiment by the Rosen lab (23), in 
which nephrin constructs with 3, 2 and 1 phosphotyrosines required progressively higher 
concentrations of Nck and NWASP to produce phase separation. But, more subtly, the simulations 
show that there are preferred cluster sizes with specific monomer compositions that are dependent on 
valency, with lower valency sharpening the preference for clusters of optimal stoichiometric 
composition. This behavior is accentuated when the binding affinity between sites is increased (Fig. 5) 
and can be attributed to stoichiometry matching, whereby clusters may become limited to 
stoichiometries where all binding sites are fully occupied. A similar effect was shown to be able to 
control the size of clusters in a binary system, consisting of an octavalent and tetravalent binding pair, 
to model the membraneless pyrenoid organelle in chloroplasts (30). When the tetravalent molecule 
was altered to a trivalent molecule, the cluster size increased despite the reduction in valency. 

We deconvolved the influence of steric interactions, stoichiometry matching and molecular flexibility on 
steady state cluster sizes by systematically altering NWASP structural features (Figs. 8, 9, 10). In 
SpringSaLaD, each spherical site excludes volume to represent steric effects and also serves as a 
pivot to impart molecular flexibility; the stiff spring links serve to maintain a fixed distance between the 
sites and also transmit forces. Decreasing flexibility by removing sites that were not involved in binding 
produced a major increase in cluster sizes. We showed that this effect is not due to a decrease in local 
steric interference to binding, which might also be an effect of removing these structural sites 
(compare Fig. 10A and C). We believe this effect can be attributed to a loss in entropy during cluster 
formation, where more flexible monomers would lose more entropy than less flexible monomers. 
Another way of thinking about this is to consider that the less flexible molecules would tend to adopt 
more open conformations with more exposed binding sites. Stoichiometry matching is also controlled 
by the geometric spacing between the respective binding sites; if the sites are separated by rigid 
linkers, only those multivalent interactions with matching spacing between binding pairs can produce 
ladder-like linkages to limit cluster size (Figs. 10B vs. 10E and 10D vs. 10F). If the distances between 
binding sites are more flexible (Figs. 10A and 10C), stoichiometry matching between multivalent pairs 
can again restrict the growth of larger clusters. 

We examined steric interactions by changing the sizes or eliminating the structural sites in NWASP, 
keeping the sizes of binding sites constant (Figs. 9 and S5). The most surprising conclusion was the 
dominance of the peripheral structural sites in NWASP; removing or shrinking these sites significantly 
increased cluster sizes (Fig. 9). Shrinking the structural sites that were located between binding sites 
without changing the peripheral sites (Fig. 10C) actually slightly shifted the cluster occupancy 
histogram to smaller sizes. Apparently, the crosslinking of binding sites favors exclusion of the 
structural sites from the interior of clusters, with larger structural sites having a greater propensity for 
exclusion (Fig. S6). This self-organizing effect would lower the entropy and explain the greater steric 
effect for peripheral domains. As an alternate view, these large structural sites at the periphery of 
clusters would serve as a steric barrier to the recruitment of additional monomers to binding sites in 
the interior, thereby limiting cluster expansion. A biological implication is that these domains would be 
present at the exterior where they could participate in downstream signaling. In particular, the VCA 
domains of NWASP (within the right-most yellow structural site in Fig. 1C.2) would be assembled at 
the periphery of clusters; this is particularly advantageous, because a pair of proximate VCA domains 
is required to recruit and activate ARP2/3, which in turn, nucleates branched actin polymerization (36, 
37). In general, such non-linearity is a hallmark of signaling systems.   
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Turning to cellular effects, our model shows increased steady state clustering in the presence of inert 
crowders (Fig. 13).  We attribute this to an effective increase in binding site concentration due to the 
excluded volume of the spherical crowders. On the other hand, crowders significantly reduce the rate 
of cluster formation. A similar, but subtler consideration of effective concentration can explain how 
membrane anchoring of nephrin significantly promotes clustering (Fig. 11). This is because confining 
reactions to the membrane effectively reduces the available reaction volume once the initial 
complement of Nck and NWASP molecules are recruited from the bulk volume. Thus, annealing of 
small membrane-associated clusters into larger ones is favored because the binding sites are at an 
effectively higher concentration. This effect is further enhanced when the surface area of the 
membrane is decreased while keeping the bulk concentrations constant (Fig. 12): increasing the 
membrane density 4-fold doubles the average cluster size occupancy. Lipid rafts provide a biological 
platform to concentrate membrane proteins and are thought to play an especially important role in 
receptor-mediated signaling (38). Our results suggest that clustering can serve as a positive feedback 
mechanism to amplify the ability of lipid rafts to localize membrane receptors and thereby amplify 
spatially encoded signals.  

Our computational experiments have allowed us to gain insights into the biophysical features that 
control the formation of molecular ensembles. But most importantly, they suggest experiments that will 
help to validate these ideas. In vitro experiments employing manipulated protein constructs and/or 
supported membranes, similar to the work from the Rosen lab (39, 40), could be used to 
systematically test our predictions on how steric hindrance, linker flexibility and membrane surface 
density influence the formation of molecular ensembles. Single molecule or super resolution 
microscopy experiments would be especially pertinent for characterization of the size and composition 
of molecular ensembles in cells. It would be of great interest to explore our prediction, for example, 
that the VCA domain of NWASP is most likely to be situated at the periphery of clusters. Also, 
disrupting rafts through cholesterol depletion prior to stimulation by ligand, can test our general 
prediction that confinement of receptors to lipid rafts will increase the size of clusters. Ultimately, we 
anticipate that coarse-grained molecular kinetic modeling can guide experimental manipulation of 
molecular ensembles to control downstream cellular responses. 

Acknowledgments 

We gratefully acknowledge useful discussions with Michael Blinov, James Schaff, Boris Slepchenko 
and Paul Michalski. We are grateful to the referees for their thorough and insightful comments on the 
first  version of this paper. The research was supported by National Institute of General Medical 
Science grant P41 GM103313. 

Author Contributions 

AC performed research, designed statistical analyses, analyzed data and co-wrote the manuscript. MY 
performed initial pilot studies. LL conceived the project, performed research and co-wrote the 
manuscript. 

 

 
References 
 
1. Adzhubei, A. A., M. J. E. Sternberg, and A. A. Makarov. 2013. Polyproline-II Helix in Proteins: 

Structure and Function. Journal of Molecular Biology 425:2100-2132. 

.CC-BY-NC 4.0 International licenseunder a
not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made available 

The copyright holder for this preprint (which wasthis version posted December 26, 2018. ; https://doi.org/10.1101/373084doi: bioRxiv preprint 

https://doi.org/10.1101/373084
http://creativecommons.org/licenses/by-nc/4.0/


2. Bray, D., M. D. Levin, and C. J. Morton-Firth. 1998. Receptor clustering as a cellular 
mechanism to control sensitivity. Nature 393:85-88. 

3. Jilkine, A., S. B. Angenent, L. F. Wu, and S. J. Altschuler. 2011. A Density-Dependent Switch 
Drives Stochastic Clustering and Polarization of Signaling Molecules. PLoS Comput Biol 
7:e1002271. 

4. Falkenberg, Cibele V., Michael L. Blinov, and Leslie M. Loew. 2013. Pleomorphic Ensembles: 
Formation of Large Clusters Composed of Weakly Interacting Multivalent Molecules. 
Biophysical journal 105:2451-2460. 

5. Roob, E., 3rd, N. Trendel, P. Rein Ten Wolde, and A. Mugler. 2016. Cooperative Clustering 
Digitizes Biochemical Signaling and Enhances its Fidelity. Biophysical journal 110:1661-1669. 

6. Suderman, R., and E. J. Deeds. 2013. Machines vs. Ensembles: Effective MAPK Signaling 
through Heterogeneous Sets of Protein Complexes. PLoS Comput Biol 9:e1003278. 

7. Mayer, B. J., M. L. Blinov, and L. M. Loew. 2009. Molecular machines or pleiomorphic 
ensembles: signaling complexes revisited. J Biol 8:81.81-81.88. 

8. Hlavacek, W. S., J. R. Faeder, M. L. Blinov, A. S. Perelson, and B. Goldstein. 2003. The 
complexity of complexes in signal transduction. Biotech Bioeng 84:783-794. 

9. Faeder, J. R., M. L. Blinov, B. Goldstein, and W. S. Hlavacek. 2005. Combinatorial complexity 
and dynamical restriction of network flows in signal transduction. Syst Biol (Stevenage) 2:5-15. 

10. Pawson, T., and P. Nash. 2003. Assembly of Cell Regulatory Systems Through Protein 
Interaction Domains. Science 300:445-452. 

11. Schlessinger, J. 2000. Cell Signaling by Receptor Tyrosine Kinases. Cell 103:211-225. 
12. Sato, P. M., K. Yoganathan, J. H. Jung, and S. G. Peisajovich. 2014. The Robustness of a 

Signaling Complex to Domain Rearrangements Facilitates Network Evolution. PLoS biology 
12:e1002012. 

13. Jorissen, R. N., F. Walker, N. Pouliot, T. P. J. Garrett, C. W. Ward, and A. W. Burgess. 2003. 
Epidermal growth factor receptor: mechanisms of activation and signalling. Experimental Cell 
Research 284:31-53. 

14. Falkenberg, C. V., J. H. Carson, and M. L. Blinov. 2017. Multivalent Molecules as Modulators 
of RNA Granule Size and Composition. Biophysical journal 113:235-245. 

15. McCann, James J., Ucheor B. Choi, and Mark E. Bowen. 2014. Reconstitution of Multivalent 
PDZ Domain Binding to the Scaffold Protein PSD-95 Reveals Ternary-Complex Specificity of 
Combinatorial Inhibition. Structure 22:1458-1466. 

16. Banani, S. F., H. O. Lee, A. A. Hyman, and M. K. Rosen. 2017. Biomolecular condensates: 
organizers of cellular biochemistry. Nat Rev Mol Cell Biol 18:285-298. 

17. Shin, Y., and C. P. Brangwynne. 2017. Liquid phase condensation in cell physiology and 
disease. Science 357. 

18. Andrews, S. S. 2017. Smoldyn: particle-based simulation with rule-based modeling, improved 
molecular interaction and a library interface. Bioinformatics 33:710-717. 

19. Blinov, M. L., J. C. Schaff, D. Vasilescu, I. I. Moraru, J. E. Bloom, and L. M. Loew. 2017. 
Compartmental and spatial rule-based modeling with Virtual Cell (VCell). bioRxiv (and Biophys. 
J. in press). 

20. Czech, J., M. Dittrich, and J. R. Stiles. 2009. Rapid creation, Monte Carlo simulation, and 
visualization of realistic 3D cell models. Methods Mol Biol 500:237-287. 

21. Michalski, P. J., and L. M. Loew. 2016. SpringSaLaD: A Spatial, Particle-Based Biochemical 
Simulation Platform with Excluded Volume. Biophysical journal 110:523-529. 

22. Padrick, S. B., and M. K. Rosen. 2010. Physical Mechanisms of Signal Integration by WASP 
Family Proteins. Annual review of biochemistry 79:707-735. 

23. Li, P., S. Banjade, H.-C. Cheng, S. Kim, B. Chen, L. Guo, M. Llaguno, J. V. Hollingsworth, D. 
S. King, S. F. Banani, P. S. Russo, Q.-X. Jiang, B. T. Nixon, and M. K. Rosen. 2012. Phase 
transitions in the assembly of multivalent signalling proteins. Nature 483:336–340. 

.CC-BY-NC 4.0 International licenseunder a
not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made available 

The copyright holder for this preprint (which wasthis version posted December 26, 2018. ; https://doi.org/10.1101/373084doi: bioRxiv preprint 

https://doi.org/10.1101/373084
http://creativecommons.org/licenses/by-nc/4.0/


24. Banjade, S., Q. Wu, A. Mittal, W. B. Peeples, R. V. Pappu, and M. K. Rosen. 2015. Conserved 
interdomain linker promotes phase separation of the multivalent adaptor protein Nck. Proc Natl 
Acad Sci U S A 112:E6426-6435. 

25. Källberg, M., H. Wang, S. Wang, J. Peng, Z. Wang, H. Lu, and J. Xu. 2012. Template-based 
protein structure modeling using the RaptorX web server. Nature protocols 7:1511-1522. 

26. Kelley, L. A., S. Mezulis, C. M. Yates, M. N. Wass, and M. J. E. Sternberg. 2015. The Phyre2 
web portal for protein modelling, prediction and analysis. Nature protocols 10:845-858. 

27. Masison, J., P. J. Michalski, L. M. Loew, and A. D. Schuyler. 2018. mol2sphere: Spherical 
Decomposition of Multi-Domain Molecules for Visualization and Coarse Grained Spatial 
Modeling. Bioinformatics. 

28. Blasutig, I. M., L. A. New, A. Thanabalasuriar, T. K. Dayarathna, M. Goudreault, S. E. Quaggin, 
S. S. C. Li, S. Gruenheid, N. Jones, and T. Pawson. 2008. Phosphorylated YDXV Motifs and 
Nck SH2/SH3 Adaptors Act Cooperatively To Induce Actin Reorganization. Molecular and 
Cellular Biology 28:2035-2046. 

29. Li, Shawn S.-C. 2005. Specificity and versatility of SH3 and other proline-recognition domains: 
structural basis and implications for cellular signal transduction. Biochemical Journal 390:641-
653. 

30. Freeman Rosenzweig, E. S., B. Xu, L. Kuhn Cuellar, A. Martinez-Sanchez, M. Schaffer, M. 
Strauss, H. N. Cartwright, P. Ronceray, J. M. Plitzko, F. Förster, N. S. Wingreen, B. D. Engel, 
L. C. M. Mackinder, and M. C. Jonikas. 2017. The Eukaryotic CO2-Concentrating Organelle Is 
Liquid-like and Exhibits Dynamic Reorganization. Cell 171:148-162.e119. 

31. Theillet, F.-X., L. Kalmar, P. Tompa, K.-H. Han, P. Selenko, A. K. Dunker, G. W. Daughdrill, 
and V. N. Uversky. 2013. The alphabet of intrinsic disorder: I. Act like a Pro: On the abundance 
and roles of proline residues in intrinsically disordered proteins. Intrinsically Disordered 
Proteins 1:e24360. 

32. Pak, Chi W., M. Kosno, Alex S. Holehouse, Shae B. Padrick, A. Mittal, R. Ali, Ali A. Yunus, 
David R. Liu, Rohit V. Pappu, and Michael K. Rosen. 2016. Sequence Determinants of 
Intracellular Phase Separation by Complex Coacervation of a Disordered Protein. Molecular 
Cell 63:72-85. 

33. Schell, C., L. Baumhakl, S. Salou, A.-C. Conzelmann, C. Meyer, M. Helmstädter, C. Wrede, F. 
Grahammer, S. Eimer, D. Kerjaschki, G. Walz, S. Snapper, and T. B. Huber. 2013. N-WASP Is 
Required for Stabilization of Podocyte Foot Processes. Journal of the American Society of 
Nephrology 24:713-721. 

34. New, L. A., C. E. Martin, R. P. Scott, M. J. Platt, A. Keyvani Chahi, C. D. Stringer, P. Lu, B. 
Samborska, V. Eremina, T. Takano, J. A. Simpson, S. E. Quaggin, and N. Jones. 2016. 
Nephrin Tyrosine Phosphorylation Is Required to Stabilize and Restore Podocyte Foot Process 
Architecture. Journal of the American Society of Nephrology. 

35. Harmon, T. S., A. S. Holehouse, M. K. Rosen, and R. V. Pappu. 2017. Intrinsically disordered 
linkers determine the interplay between phase separation and gelation in multivalent proteins. 
eLife 6:e30294. 

36. Ditlev, J. A., P. J. Michalski, G. Huber, G. M. Rivera, W. A. Mohler, L. M. Loew, and B. J. 
Mayer. 2012. Stoichiometry of Nck-dependent actin polymerization in living cells. The Journal 
of Cell Biology 197:643-658. 

37. Padrick, S. B., L. K. Doolittle, C. A. Brautigam, D. S. King, and M. K. Rosen. 2011. Arp2/3 
complex is bound and activated by two WASP proteins. Proceedings of the National Academy 
of Sciences 108:E472-E479. 

38. Simons, K., and D. Toomre. 2000. Lipid rafts and signal transduction. Nat Rev Mol Cell Biol 
1:31-39. 

39. Su, X., J. A. Ditlev, E. Hui, W. Xing, S. Banjade, J. Okrut, D. S. King, J. Taunton, M. K. Rosen, 
and R. D. Vale. 2016. Phase separation of signaling molecules promotes T cell receptor signal 
transduction. Science 352:595-599. 

.CC-BY-NC 4.0 International licenseunder a
not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made available 

The copyright holder for this preprint (which wasthis version posted December 26, 2018. ; https://doi.org/10.1101/373084doi: bioRxiv preprint 

https://doi.org/10.1101/373084
http://creativecommons.org/licenses/by-nc/4.0/


40. Banjade, S., and M. K. Rosen. 2014. Phase transitions of multivalent proteins can promote 
clustering of membrane receptors. Elife 3. 

 

.CC-BY-NC 4.0 International licenseunder a
not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made available 

The copyright holder for this preprint (which wasthis version posted December 26, 2018. ; https://doi.org/10.1101/373084doi: bioRxiv preprint 

https://doi.org/10.1101/373084
http://creativecommons.org/licenses/by-nc/4.0/


<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Dot Gain 20%)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Error
  /CompatibilityLevel 1.6
  /CompressObjects /Tags
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /CMYK
  /DoThumbnails false
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams false
  /MaxSubsetPct 100
  /Optimize true
  /OPM 1
  /ParseDSCComments true
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo true
  /PreserveFlatness true
  /PreserveHalftoneInfo false
  /PreserveOPIComments true
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Apply
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 300
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages true
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 1200
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages true
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /ColorImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 300
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages false
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 300
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages true
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /GrayImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages true
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 1200
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile ()
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /CreateJDFFile false
  /Description <<

    /BGR <>
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000410064006f006200650020005000440046002065876863900275284e8e9ad88d2891cf76845370524d53705237300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef69069752865bc9ad854c18cea76845370524d5370523786557406300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /CZE <>
    /DAN <>
    /DEU <>
    /ESP <>
    /ETI <>
    /FRA <>
    /GRE <>

    /HRV (Za stvaranje Adobe PDF dokumenata najpogodnijih za visokokvalitetni ispis prije tiskanja koristite ove postavke.  Stvoreni PDF dokumenti mogu se otvoriti Acrobat i Adobe Reader 5.0 i kasnijim verzijama.)
    /HUN <>
    /ITA <>
    /JPN <FEFF9ad854c18cea306a30d730ea30d730ec30b951fa529b7528002000410064006f0062006500200050004400460020658766f8306e4f5c6210306b4f7f75283057307e305930023053306e8a2d5b9a30674f5c62103055308c305f0020005000440046002030d530a130a430eb306f3001004100630072006f0062006100740020304a30883073002000410064006f00620065002000520065006100640065007200200035002e003000204ee5964d3067958b304f30533068304c3067304d307e305930023053306e8a2d5b9a306b306f30d530a930f330c8306e57cb30818fbc307f304c5fc59808306730593002>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020ace0d488c9c80020c2dcd5d80020c778c1c4c5d00020ac00c7a50020c801d569d55c002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /LTH <>
    /LVI <>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken die zijn geoptimaliseerd voor prepress-afdrukken van hoge kwaliteit. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /POL <>
    /PTB <>
    /RUM <>
    /RUS <>
    /SKY <>
    /SLV <>
    /SUO <>
    /SVE <>
    /TUR <>
    /UKR <>
    /ENU (Use these settings to create Adobe PDF documents best suited for high-quality prepress printing.  Created PDF documents can be opened with Acrobat and Adobe Reader 5.0 and later.)
  >>
  /Namespace [
    (Adobe)
    (Common)
    (1.0)
  ]
  /OtherNamespaces [
    <<
      /AsReaderSpreads false
      /CropImagesToFrames true
      /ErrorControl /WarnAndContinue
      /FlattenerIgnoreSpreadOverrides false
      /IncludeGuidesGrids false
      /IncludeNonPrinting false
      /IncludeSlug false
      /Namespace [
        (Adobe)
        (InDesign)
        (4.0)
      ]
      /OmitPlacedBitmaps false
      /OmitPlacedEPS false
      /OmitPlacedPDF false
      /SimulateOverprint /Legacy
    >>
    <<
      /AddBleedMarks false
      /AddColorBars false
      /AddCropMarks false
      /AddPageInfo false
      /AddRegMarks false
      /ConvertColors /ConvertToCMYK
      /DestinationProfileName ()
      /DestinationProfileSelector /DocumentCMYK
      /Downsample16BitImages true
      /FlattenerPreset <<
        /PresetSelector /MediumResolution
      >>
      /FormElements false
      /GenerateStructure false
      /IncludeBookmarks false
      /IncludeHyperlinks false
      /IncludeInteractive false
      /IncludeLayers false
      /IncludeProfiles false
      /MultimediaHandling /UseObjectSettings
      /Namespace [
        (Adobe)
        (CreativeSuite)
        (2.0)
      ]
      /PDFXOutputIntentProfileSelector /DocumentCMYK
      /PreserveEditing true
      /UntaggedCMYKHandling /LeaveUntagged
      /UntaggedRGBHandling /UseDocumentProfile
      /UseDocumentBleed false
    >>
  ]
>> setdistillerparams
<<
  /HWResolution [2400 2400]
  /PageSize [612.000 792.000]
>> setpagedevice


