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Interaction networks within biomolecular condensates feature topological cliques near the

interface

12,1

Daniel Tan®,%* Dilimulati Aierken®,1:2:* and Jerelle A. Joseph

! Department of Chemical and Biological Engineering, Princeton University, Princeton, NJ 08544, USA
2Omenn—Darling Bioengineering Institute, Princeton University, Princeton, NJ 08544, USA
(Dated: March 25, 2025)

Biomolecular condensates are typically maintained by networks of molecular interactions, with canon-
ical examples including those formed by prion-like low complexity domains (LCDs) of proteins. Single-
component LCD condensates have been predicted to exhibit small-world network topologies and spatial
inhomogeneities in protein compaction. Here, we systematically characterize molecular networks underly-
ing condensates and investigate the relationship between single molecule properties and network topolo-
gies. We employ a chemically specific coarse-grained model to probe LCD condensates and generalize
our findings by varying sequence hydrophobicity via a generic model that describes “hydrophobic—polar”
(HP) polymers. For both model systems, we find that condensates are sustained by small-world network
topologies featuring molecular “hubs” and “cliques”. Molecular hubs with high network betweenness
centrality localize near the centers of condensates and adopt more elongated conformations. In contrast,
network cliques—densely interacting molecules that form locally fully connected subgraphs—are bridged
by hubs and tend to localize near the condensate interface. Interestingly, we find power-law relationships
between the structure and dynamics of individual molecules and network betweenness centrality, which
describes molecular connectivity. Thus, our work demonstrates that inhomogeneities in condensate net-
work connectivity can be predicted from single-molecule properties. Furthermore, we find that network
cliques have longer lifetimes and that their constituent molecules remain spatially constrained, suggesting

a role in shaping interface material properties.

Biomolecular condensates are liquid-like membraneless
organelles inside living cells composed primarily of proteins
and nucleic acids. Phase separation is a leading mech-
anism that accounts for condensate formation [1-4]. In
this framework, proteins and nucleic acids demix from the
cytosol or nucleoplasm, leading to two or more distinct
liquid phases [5, 6]. Unlike simple liquids, evidence sug-
gests that condensates are network fluids, where interac-
tions between biomolecules can lead to the formation of
percolated networks [7-11]. Indeed, governed by underly-
ing networks of sequence-specific interactions, condensates
display a wide range of viscoelastic behaviors [12-18]. Ad-
ditionally, the viscoelasticity of condensates can evolve over
time, leading to dynamically arrested states [17, 19-21].
While macroscopic features of condensates—such as varying
viscoelasticity—have been observed, the underlying molec-
ular networks that give rise to these behaviors remain poorly
understood. Key questions remain: What are the character-
istics of these molecular networks? How do they regulate
the mesoscale organization of condensates? Can we pre-
dict network formation and structure from the properties of
constituent biomolecules, or vice versa?

Intrinsically disordered regions (IDRs) are key compo-
nents of proteins involved in phase separation and con-
densate formation [22]. Prion-like low-complexity domains
(LCDs) are exemplary instances of IDRs in biomolecu-
lar condensation: LCD sequences contain repeat regions
that serve as polymeric “spacers” and strongly interacting
residues that act as “stickers” uniformly interspersed be-

* These authors contributed equally
T Corresponding author: jerellejoseph@princeton.edu
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tween spacer repeats [12, 23-27]. Percolated networks in
LCD condensates are formed by the association of sticker
residues along LCDs [9], and several recent studies have
shown that condensates formed by proteins with LCDs are
viscoelastic materials [11, 13, 14, 28, 29].

Through lattice simulation and graphical network anal-
ysis, Farag et al. first predicted the small-world network
structure of molecular interactions in LCD condensates—
highlighting inhomogeneities in the connectivity of networks
underlying condensates [10]. These results were recently
supported by experimental studies revealing inhomogeneous
organizations of biomolecules in single-component LCD con-
densates [30]. Similar network analyses to Ref. 10 have been
employed to probe molecular networks in two-component
condensates [11], to determine the effect of temperature,
length, and molecular sequence on networks underlying mul-
ticomponent condensates [31], and to study the effects of
sequence patterning and binding affinities on percolation
and phase separation [32]. Moreover, molecular simulations
have predicted structural inhomogeneities of biomolecules
within LCD condensates [10, 32-36]. Together, these stud-
ies suggest that inhomogeneities exist both in the network
structures underlying condensates and in the properties of
the individual constituent molecules.

The small-world network structure is a widely character-
ized graph-theoretic concept with many connections to biol-
ogy [26, 37, 38]. Nodes (here, molecules) within small-world
networks are closely connected. Moreover, this topology is
marked by the presence of “hubs”, a typically small subset
of nodes that are central to the efficient connection of other
nodes. Also present in such topologies are “cliques”, locally
fully- or densely-connected subgraphs of neighboring nodes
that tend to be efficiently bridged to other neighborhoods
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via hubs. As a result, the small-world topology is inherently
heterogeneous and imparts an uneven distribution of node
roles. However, it remains unclear whether small-world net-
work topologies are a general feature of condensates, what
role such topologies play in organizing biomolecular conden-
sates, and how network features relate to single-molecule
characteristics.

Here, we systematically study the network topology
of LCD condensates using a chemically-specific off-lattice
coarse-grained model, Mpipi [39]. We also design a generic
model of sticker—spacer heteropolymers to investigate the
impact of sequence composition on network topology and
probe the generality of our findings. We consistently find
small-world interaction network topologies for both LCDs
and generic heteropolymers.  Surprisingly, we find that
highly interacting clique molecules tend to localize near con-
densate interfaces. Furthermore, cliques exhibit longer life-
times, suggesting a role in condensate aging, where patho-
logical gelation and aggregation processes have been pro-
posed to originate at the interface [19, 20, 40]. We further
demonstrate that single-molecule structural characteristics
can be predicted by molecular network properties. Notably,
we find strong power-law relationships between node con-
nectivity and molecular sizes and shapes in dense phases.
Our work also predicts power-law relationships between
single-molecule dynamics and node connectivity, revealing
that cliques represent locally constrained sub-environments
within condensates. Taken together, our results point to a
strong relationship between network topology and molecu-
lar organization in LCD condensates, suggesting that net-
worked interactions are critical for condensate organization,
material properties, and function.

RESULTS

LCDs and sticker—spacer polymers form
condensate-spanning interaction networks with small-world
topologies

To investigate interaction networks underlying biomolec-
ular condensates, we perform molecular dynamics (MD)
simulations of single-component condensates (top panel in
Fig. 1a). Here, we adopt Mpipi [39]—a chemically specific
residue-resolution model that has been shown to describe
well the phase behavior of disordered proteins—to probe
LCD condensates. We also design an HP polymer model
that describes hydrophobic (‘H'" or sticker) and hydrophilic
(‘P or spacer) monomers [25, 41]. Using this latter ap-
proach, we systematically vary the fraction of stickers in
the polymers to examine how well our findings for LCDs
extend to generic sticker—spacer polymers.

In network representations of condensates, each individ-
ual molecule is represented as a node, and interacting nodes
are connected with unweighted and undirected edges (bot-
tom panel in Fig. 1a). Specifically, we assign edges between
two interacting molecules (i.e., LCDs or HP polymers) A
and B when the interaction potential energy Eag < —kg T,
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indicating stability of the interaction against thermal fluc-
tuations.

Small-world networks are characterized by high cluster-
ing coefficients and low average shortest pathlengths be-
tween nodes [38, 42]. The extent to which networks are
organized as small-world topologies is typically quantified
through the estimators oy, and ws,, Which are functions
of the average clustering coefficient (C) and average short-
est pathlength (L) between arbitrary nodes in the graph.
The equations used to compute these graph parameters are
described in the Methods. Values of 0 < o4, < 1 indi-
cate that clustering is low or average shortest pathlengths
are long compared to equivalent Erd8s—Rényi (ER) random
graphs, and oy, ~ 1 indicates that the network is organized
like an ER random graph. Characteristic small-world values
osw > 1 come from high clustering coefficients and average
shortest pathlengths that are shorter than or comparable to
those in ER random graphs. The second estimator wg, is
bounded between -1 and 1, where ws, = —1 corresponds
to a regular, lattice-like graph structure and wsy, = 1 cor-
responds to a random-graph structure. The small-world re-
gion wsy = 0 describes a graph structure that is both highly
clustered—Tlike regular lattices—and has short average path
lengths, like ER random graphs [38, 43]. The balance of
high clustering and short pathlengths underlies the small-
world network’s resilience and conduciveness to efficient,
high-fidelity transfer: most nodes are well connected to lo-
cal nodes in clustered “neighborhoods” (graph “cliques”),
and these neighborhoods are globally connected through a
small subset of highly connected “hub” nodes that effec-
tively act as a “highway" mediating pairwise node relations
through shortest paths.

As shown in Fig. 1b, all molecular interaction networks in
LCD condensates exhibit small-world topologies, with char-
acteristic o5y > 1 and wsy =~ 0 values. These results are
consistent with those from lattice simulations [10], where
it was found that single-component A1-LCD condensates
exhibit small-world topologies. All simulated LCDs have a
fraction of aromatic “sticker” residues f, ~ 0.14, which
are distributed in a near-uniform pattern along the pro-
tein sequence. Thus, we perform simulations for HP poly-
mers of length Nyp = 150 monomers with hydrophobicity
f, = 0.14. In addition, we also characterize systems with
lower (f, = 0.02) and higher (f, = 0.22) hydrophobici-
ties. Interestingly, the small-world topology still persists for
generic HP polymers (Fig. 1b).

We also characterize the density of interaction graphs,
which is described by the edge density pegge. In particu-
lar, we can directly probe pedge as a function of the frac-
tion of hydrophobic monomers #, using HP model sys-
tems. We find that as sequence hydrophobicity increases,
HP model condensates form increasingly dense interaction
graphs (Fig. 1c). This result is consistent with theoreti-
cal predictions for condensed associative polymers with dis-
tributed stickers [26, 44]. Notably, the HP sequence de-
signed to reproduce the hydrophobicity of LCD sequences
(f, = 0.14) formed condensates with significantly denser
interaction networks than those of LCDs. This likely occurs
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FIG. 1. Small-world network structures are found for LCD and HP polymer condensates. a Snapshot of a simulated condensate

(top) and its corresponding graph representation (bottom), with two interacting molecules depicted in the insets.

In the graph

representation, each molecule is taken as a node, and two nodes are connected with an unweighted, undirected edge when the sum

of pairwise monomer interaction energies (Eag) between them exceeds the thermal energy (kg T).

b Small-world parameters o4

and wsy for single-component condensates of LCDs (triangles) and analog HP polymers (circles). Note that the average fraction of
hydrophobic residues in the LCD sequences is f,(LCD) = 0.14. A graph is considered small-world for osy > 1 and wsw = 0, and the
gray shaded regions correspond to these respective regimes. ¢ Average graph edge densities pedge for simulated condensates, showing
high variance in network connectivity and organization despite the conservation of small-world topological properties shown in b.

due to the weakly attractive P-P and H-P interactions in
the HP model, a parameterization choice that reflects av-
erage non-sticker interaction statistics in Mpipi (described
in the Methods). Due to averaging, the binary HP model
does not fully capture the diverse physicochemical charac-
teristics of LCD sequences—some of which promote repul-
sive residue—residue interactions that decrease interaction
density.

Collectively, the conservation of small-world networks
across biologically relevant LCDs and generic HP poly-
mers suggests that these organizing principles contribute to
the stability and function of condensates and likely phase-
separated heteropolymers in general.
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Molecular hubs and cliques are spatially segregated

To further characterize the molecular networks, we ana-
lyze the spatial distribution of small-world topological fea-
tures within condensates. These topologies are marked
by the presence of “hubs”, which are members of a typi-
cally small subset of highly connective nodes. Hubs play
critical roles in lowering average pathlengths by mediat-
ing many of the shortest paths connecting arbitrary node
pairs. Small-world topologies also contain “cliques”, lo-
cally fully-connected or densely-connected neighborhoods of
nodes. In the context of biomolecular condensates, cliques
indicate “subdomains” of closely interacting biopolymers.
Clique substructures tend to be bridged to other cliques
through network hubs, which promotes efficient flow and
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FIG. 2. Network hubs and cliques are spatially and temporally distinct. a Simulation snapshot and graph representation of an
A1-LCD condensate (512 chains). Hubs are colored red and cliques are colored blue. Molecules colored gray are neither hubs nor
members of the largest cliques. b Spatial distribution of hub molecules and clique molecules within a simulated FUS-LCD condensate
(216 chains, T = 270K). The clique molecules are closer to the interface than hub molecules. A radial distance of zero represents the
center of mass of the condensate. The density profile is shown as triangles and the interface region is shaded in gray. An analogous
profile from a simulation of 3375 FUS-LCD chains at T = 300K is shown in Supplementary Figure. S1; the observed distribution of
hubs and cliques is persistent in larger systems and at higher temperatures. ¢ The distribution of hubs and cliques for all simulated
sequences in terms of normalized radial distance from the condensate center of mass. d The lifetime distribution of hub molecules and
clique molecules are shown over 200 nanoseconds for FUS-LCD (216 chains, T = 270 K). Hub molecules are transient; the majority
of hub molecules remain hubs on relatively short timescales while molecules within cliques remain members of cliques for substantially
longer periods of time. e Normalized lifetimes of hub molecules and clique molecules are shown for all simulated sequences.

network resilience—both crucial properties of small-world 2
topologies that drive their adoption in engineered and natu- 2
ral settings [45]. Interestingly, in our simulations, the largest 2
cliques consistently comprised 7—8 nodes, suggesting that o
clique size may be determined by the valency of associative 2
sites and by environmental conditions. To ensure that lim- 2
its on clique sizes are not finite size effects, we simulate a 2
large system with 3375 FUS-LCD chains and find that the 2
largest clique size of 7—8 nodes is conserved even for very 2
large condensates. 23
23;
Beyond identifying small-world networks for the LCD and 2
HP condensates, we examine the spatial distributions of 2
both hub molecules and clique molecules. The typical dis- 24 are hubs. We further confirm that such distributions are not
tributions of hub and clique molecules in both real space 2 a special case for FUS-LCD but are generic features of LCD
(Fig. 2a, top panel) and in the graph representation (Fig. 2a, s and HP condensates, as characterized in Fig. 2c.
bottom panel) are depicted. Hubs are identified by high be-
tweenness centralities Cg, a measure of the extent to which 2 Additionally, we find that the spatial distributions of
a single node “controls” shortest paths between arbitrary 25 hubs and cliques are dependent on sequence hydrophobic-
node pairs in the graph. Detailed calculations are shown in 2 ity. Specifically, we probe this behavior among the HP

o

the Methods. Here, the top 10 hub molecules (i.e., high-
est betweenness centrality Cg) are colored in red and the
10 largest cliques are shown in blue. Strikingly, in both vi-
sual representations, it is immediately clear that hubs and
cliques occupy distinct spatial regions. We further quantify
the spatial distribution of hubs and cliques in the conden-
sates. As shown for simulations of FUS-LCD in Fig. 2b, the
density profile is roughly uniform within the condensate, fea-
turing a well-defined interface that indicates the stability of
this thermodynamic quantity. However, despite this homo-
geneous density profile, the distributions of hub molecules
and clique molecules are distinctly heterogeneous. More
specifically, cliques are located closer to the interface than
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sequences. At low sequence hydrophobicity (£, = 0.02),
the spatial separation between hubs and cliques is found to
be minimal, and the phase interface housed a substantive
fraction of molecular hubs and cliques. This suggests that
as polymer sequences become more homogeneous, interac-
tion network structures themselves become more homoge-
neous. At high sequence hydrophobicity (#, = 0.22), hubs
and cliques remain spatially distinct; however, all of the
largest cliques are completely localized prior to the phase
interface, indicating that these regions are more shielded
from the solvent.

Together, we find that the valency of associative residues
in LCDs and HP sequences enables the formation of
condensate-spanning small-world interaction networks. Fur-
ther, hubs and cliques within condensates correspond to dis-
tinct spatial regimes of molecular interactivity.

Molecular hubs and cliques exhibit distinct lifetimes

We also analyze the lifetimes of hubs and cliques within
condensates composed of LCDs and HP polymers (see
Methods). Here, we measure molecular lifetimes based on
their network identities: we quantify how long a molecule
is continuously identified as a hub or as belonging to a
clique. For FUS-LCD, we find that cliques exhibit signif-
icantly longer lifetimes than hubs (Fig. 2d). In fact, for
all LCDs probed, individual molecules very scarcely serve as
connective hubs for more than 1-2ns in our simulations,
while members of cliques remain in those cliques for sub-
stantially greater time fractions (Fig. 2¢). This clear tem-
poral separation of hubs and cliques is also observed for HP
model sequences (Fig. 2e). Though hubs generally have
shorter lifetimes, we find that as sequence hydrophobicity in-
creases, a small fraction of hubs exhibit longer lifetimes (see
tails of distributions for HP polymers in Fig. 2e). Moreover,
higher sequence hydrophobicity also leads to longer molecu-
lar lifetimes within cliques, aligning with recent experiments
for single-component condensates formed by aromatic mu-
tants of A1-LCD [30].

For LCD sequences, we find that the lifetimes of cliques
are dependent on sequence length and diversity (Fig. 2e)—
effects not captured in the binary HP sequences. For ex-
ample, EWSR1, the longest LCD tested, exhibits longer
clique lifetimes compared to other LCDs; TIA1, the most
hydrophobic LCD tested, exhibits a broader distribution of
clique lifetimes compared to the other LCDs. Our results
suggest that distinctions between hub and clique lifetimes
may be universal features of LCD condensates.

Molecular conformational properties are power laws of node
betweenness centrality

Recent work has reported heterogeneous conformational
ensembles of disordered proteins within condensates. In par-
ticular, proteins exhibit key differences in average molecular
size (i.e., radius of gyration Rg), which have been reported
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for proteins at the interface versus those in the condensate
core [10, 34, 36]. At the same time, graph theory has been
applied to reveal inhomogeneities in molecular connectivity
within condensates [10, 11, 30-32]. Given the distinct topo-
logical features—hubs and cliques—in networks underlying
LCD and HP-polymer condensates, we investigate whether
strong relationships exist between single-molecule charac-
teristics and network properties (Fig. 3a) in these systems.
Specifically, for LCD and HP systems, we measure the ra-
dius of gyration R, and shape anisotropy x> of polymers
in the condensates. R; provides insight into the average
molecular size, while x? effectively describes the deviation
of polymer shape from a perfect sphere [46-48] (Fig. 3b).

We first compare single-molecule Ry (normalized by the
maximum length of a linear chain; see Methods) against
molecular betweenness centrality Cg (normalized; see Meth-
ods). Recall that Cg quantifies the importance of a molecule
(i.e., node) in terms of how often it appears on the short-
est paths between other molecules. We find that R; versus
Cg in log;p—log;y space yields a positive linear relationship
(Fig. 3c), indicating a consistent power law behavior:

Ry = aC§ — logo(Rg) = b+ mlogi(Cs). (1)

To further quantify this relationship, we utilize b
logip(a) and m = k to perform a linear fit in log;y,—logy,
space. The dependence of b and m on the length of LCD
sequences is shown in Fig. 3d. The marginal increase in m
shows strong positive correlation with the chain length. The
increase of m (i.e., exponent k) with chain length suggests
a stronger dependence of R; on Cg for longer LCDs. In gen-
eral, molecular valency increases with chain length, meaning
molecules on average can form more favorable intermolec-
ular interactions in the condensate environment. In this
scheme, bridging more molecules (higher Cg) yields larger
structures (larger Ry).

In contrast, we find that the prefactor b is strongly nega-
tively correlated with the chain length (Fig. 3d). We reason
that the unexpected decrease in b (i.e. prefactor a) with in-
creasing chain length is an artifact of the Ry normalization
scheme employed. Indeed, when we plot the data in linear
space instead of log;,—log;q space, longer chains demon-
strate both an R; curve with a greater asymptote and a
prefactor that scales linearly with chain length.

We also assess the scaling relationship between R; and
Cg for fixed-length HP sequences (Fig. 3c,e). Here, we
find that both the scaling exponent m and the prefactor b
are strongly positively correlated with the hydrophobicity f,
(Fig. 3e). This result indicates that as chain hydrophobicity
increases, inter-chain interactions become more favorable—
reflected by higher Cg and R,. Increases in chain hydropho-
bicity lead to more hydrophobic condensate interiors, and
the favorable “molecular solvent” environment in the dense
phase supports chain expansion by strengthening the pref-
erence for inter-chain interaction.

Similar to Ry, the molecular relative shape anisotropy K2
is also found to follow power-law relationships with molec-
ular Cg (Fig. 3f). w2 is a scale-invariant quantity, ranging
from k2 = 0 at the limit where polymers adopt a spheri-
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FIG. 3. Single-chain radius of gyration R, and shape anisotropy 2 follow power-law relationships with molecular connectivity
in interaction networks. a A graph of an A1-LCD condensate. Nodes are colored based on their betweenness centrality Cg. b (left)
Schematic representations of chain radius of gyration Rg. (right) Schematic representations of the eigenvectors A of the gyration tensor
and values of the scale-invariant shape anisotropy parameter «? for distinct chain conformations. x? = 0 represents a perfect, radially
isotropic sphere, k2 /2 0.39 corresponds to an ideal-chain conformation, and k2 = 1 describes a perfectly anisotropic elongated chain.
c All simulated sequences display power-law relations between the betweenness centrality Cg and radius of gyration Rg, indicated by
linear fits in log;,—log;, space. d The relationship between LCD chain length and linear fit parameters for the log,,—log;, plots in
c. Two-parameter R, = aCf power-law fits are performed for m = k and b = log,y(a). e The relationship between HP polymer
hydrophobicity and linear fit parameters for the log;,—log;, plots in c. The same two-parameter fitting is employed as in d. f All
simulated sequences display power-law relations between the betweenness centrality Cg and relative shape anisotropy x2. g Power-law
fit parameters for different LCD chain lengths using a two-parameter power law k2 = aCg* for the log,o—log;, plots in f, analogous
to d. h Power-law fit parameters for different sequence hydrophobicities in f.

cally isotropic conformation to k2 = 1 at the limit where 2 We find that hublike character is synonymous with
they are completely linear (Fig. 3b). Previous simulation s stretched, elongated conformations, where transient inter-
studies have reported the average relative shape anisotropy s chain interactions serve to randomly reorient and extend
of individual polyampholytes in condensed phases [34], with 37 the molecule. Though macromolecular densities in conden-
dense-phase 2 consistently between 0.42 and 0.44 invariant s sates appear uniform (Fig. 2b), these results suggest that
to changes in sequence. Compared to an ideal-chain k? = i physicochemical environments inside condensates may not
0.39, LCD/HP molecules with low Cg adopt slightly col- 3w be. No significant correlations are found between x? power
lapsed, globular conformations (%2 = 0.28), while the highly sn law parameters and chain length (Fig. 3g). In contrast, in-
connected hublike molecules are extended (x? ~ 0.48). 32 creased sequence hydrophobicity leads to greater exponents
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FIG. 4. Dynamics of molecules within single-component condensates is correlated with network topological organization.
a Normalized instantaneous displacements \A~r\ of single chains in condensed phases exhibit strong negative correlations with node
betweenness centrality Cg within molecular graphs. LCD sequences are simulated at T = 270K and HP sequences at T* = 0.5 kg T /e.
b Plots of the parameters of the linear fits to the LCD data in log;, — log;, space in a, as a function of sequence length. c Plots
of the parameters of the linear fits to log;q —log,, HP data in a, as a function of sequence hydrophobicity with fixed sequence
length (nyp = 150). d Displacements within consistent time intervals are compared for hub molecules and clique molecules in LCD
condensates. e Displacements within consistent time intervals are compared for hub molecules and clique molecules in HP polymer
condensates. f A 2-dimensional visualization of the trajectories of hub molecules (red) and clique molecules (dark blue) in a FUS-LCD
condensate, plotted as lines when their hub or clique-member status is contiguous in time. The phase interface is shown as a gray
circular band. Locally confined regions of clique molecules are indicated by yellow circles.

and prefactors (Fig. 3h), further suggesting that the con-
densate environment becomes a better solvent for polymers
with increasing sequence hydrophobicity.

Dynamics of molecules in biomolecular condensates are
dependent on network topology

In addition to characterizing the variance in molecular
structures within condensates, another property of interest
is the dynamics of individual molecules. In particular, we
investigate scaling relationships between the displacement
of molecular centers of mass (|Ar|) and betweenness cen-
trality (Cg). The computation and normalization of these
quantities are described in the Methods.

Similar to the conformational properties R, and K2,
we find that normalized molecular displacement |Ar| fol-
lows a power-law relationship with Cg in log;q—log;, space
(Fig. 4a). Moreover, both the prefactor and the exponent
decrease as LCD length increases (Fig. 4b), or as sequence
hydrophobicity increases (Fig. 4c). These results are intu-
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itive: longer polymers and/or polymers with more associa-
tive interactions exhibit reduced molecular motion within
condensates.

Experimental and simulation studies have characterized
the diffusion of LCDs within condensates [49, 50]. More re-
cent experimental studies have shown that FUS—RNA con-
densates contain “nanodomains”, locally densely connected
substructures that decrease local diffusivity in the dense
phase without a secondary phase separation [51]. To study
this effect, we analyze the local movements of hub and
clique molecules in our systems. On short timescales, the
displacements of clique molecules are consistently greater
than those of hubs (Fig. 4d,e). When combined with our
previous analysis, which reveals that cliques have longer life-
times (Fig. 2d,e), we conclude that the “faster” motion of
clique molecules is best described as a form of local vibra-
tion. Indeed, when we trace the displacement of molecules
in cliques and hubs, the motion of clique molecules is highly
localized (see the 2D projections of molecular motion in
Fig. 4f). Thus, while cliques experience relatively larger
displacements than hubs, these displacements remain lo-
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calized. Such confinement of clique motion is reminiscent
of the nanodomains described in Ref. 51, as well as of re-
cent experiments reporting highly interactive hydrophobic
“hotspots” in A1-LCD condensates [30].

DISCUSSION

Macroscopically, condensates often appear as homoge-
neous structures in both experimental and simulated re-
constitution. However, evidence suggests that even single-
component condensates can exhibit inhomogeneities in their
microstructure [10-12, 26, 30]. Importantly, the molecu-
lar networks underlying condensates play a crucial role in
shaping their material properties and functions. Thus, un-
derstanding how molecules organize within condensates to
encode mesoscale properties is an emerging area in the field.

In this work, we leverage residue-resolution molecular dy-
namics simulations alongside graph theory to characterize
the molecular networks of condensates formed by the low-
complexity domains (LCDs) of key phase-separating pro-
teins (hnRNPA1, FUS, EWSR1, and TIA1). To assess the
generality of our findings, we also characterize condensate
systems composed of sequences with varying fractions of
hydrophobic (H) and polar (P) monomers. These HP sys-
tems represent heteropolymers with varying propensities for
forming percolated networks within condensates. Consis-
tent with previous lattice-based simulations of A1-LCD [10],
we find that both biological LCDs and generic HP polymers
form small-world interaction network topologies.

Small-world networks contain two major topological fea-
tures, “hubs” and “cliques”. Cliques are densely connected
groups of nodes (here, molecules) representing fully con-
nected subgraphs within the network. The cliques them-
selves are efficiently connected through hub nodes, which
reduce average shortest path lengths between arbitrary node
pairs in the network. Notably, we find that hubs are posi-
tioned closer to the condensate center, while the largest
cliques are located near the interface. These observations
hold for all biological LCDs and HP sequences studied in
this work. In addition to the spatial distinction observed
between hubs and cliques, we find that hub molecules and
clique molecules have distinct lifetimes: the molecular iden-
tities of connective hubs change rapidly, while members of
cliques tend to remain in those cliques over longer timescales
due to the formation of stable, fully-connected subnetworks.

Given that LCD condensates exhibit small-world topolo-
gies with heterogeneous molecular connectivities, we also
show that molecular conformations and connectivities within
interaction networks are highly correlated. Interestingly,
the radius of gyration (i.e., average size) and shape
anisotropy (i.e., ranging from spherical to linear) of indi-
vidual molecules are found to be power laws of molecular
betweenness centrality (i.e., connectivity) within interaction
networks. We further explored how the power law prefactors
and exponents are regulated by molecular chain length and
sequence hydrophobicity. We find a close similarity in the
exponents across simulated systems, suggesting the poten-
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tial existence of a universal exponent for such relationships
in LCD condensates. However, limited data and flexibility
inherent in two-parameter fitting prevent us from drawing
definitive conclusions in this regard.

In addition to structural properties of molecules, we also
explored their dynamics within interaction networks. We
find that molecules become less dynamic as their between-
ness centrality increases. This result is intuitive as more
expanded molecules with larger betweenness centralities are
subject to greater confinement through dense intermolecular
interactions in the condensate environment. Interestingly,
this relationship also shows power-law behavior. To our
surprise, molecules in cliques exhibit slightly faster motions
than hub molecules. However, explicitly tracing their tra-
jectories reveals that clique molecules are spatially confined.
This suggests that their movement is primarily characterized
by local vibrations, whereas hub molecules exhibit motion
across larger regions.

A key limitation of this work is that the probed conden-
sates are composed solely of disordered protein sequences
that engage in transient interactions. In contrast, cellular
condensates often include both disordered and structured
components that dictate their form and function [52]. The
latter can mediate long-lived, high-affinity interactions that
shape the underlying interaction networks, as recent stud-
ies suggest [53, 54]. Exploring systems with specific bind-
ing interactions—such as those involving folded protein do-
mains or RNA—uwould therefore be an important next step.
Nonetheless, our findings show that even simple systems of
disordered protein regions exhibit striking microstructural
inhomogeneities and complex biophysical behaviors.

Collectively, our results suggest a framework in which
LCDs form inhomogeneous molecular networks in conden-
sates. Notably, molecular networks contain topological
cliques that represent fully connected groups of molecules.
Recent experiments have reported highly interactive hy-
drophobic nanoclusters in A1-LCD condensates [30]. Al-
though Ref. [30] refers to these regions as “hubs,” their nan-
oclusters align with the “cliques” found in our systems ac-
cording to graph-theoretic frameworks. Other work on mul-
ticomponent condensates has also identified nanodomains
within condensates [51], which appear to be consistent with
the cliques we observe in LCD and HP polymer condensates.
Alongside these studies, experiments report that pathologi-
cal liquid-to-gel transitions in condensates originate at their
interfaces [19, 40]. Additionally, the formation of interfacial
aggregates resembling amyloid fibrils were observed in the
early stages of FUS condensate aging [20, 40]. Thus, we
hypothesize that the presence of locally constrained, highly
interacting molecules (cliques) near the condensate inter-
face, as observed in our simulations, may lead to the forma-
tion of more stable, longer-lasting associations over time,
ultimately influencing the material properties of condensate
interfaces.
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METHODS

In this work, we study the single-chain characteristics and
interaction network topologies of condensates formed by
prion-like low-complexity domains (LCDs) using Mpipi—
a residue-level coarse-grained model for disordered pro-
teins [39]. We further study interaction networks of con-
densates via a generic model of heteropolymers, the binary
HP model. In the HP polymer simulations, we systemati-
cally vary sequence hydrophobicity to investigate its impact
on the topology of emergent interaction networks.

1. LCD and HP sequences

We use the Mpipi model [39] to simulate four biological
phase-separating protein sequences: the low-complexity do-
main of the human ribonuclear protein hnRNPA1 (A1-LCD),
the low-complexity domain of the Fused in Sarcoma protein
(FUS-LCD), the low-complexity domain of the RNA-binding
protein EWS (EWSR1-LCD), and the low-complexity do-
main of the T-cell intracellular antigen 1 (TIA1-LCD).
These LCDs are marked by a sequence distribution over-
represented in Glutamine (Q), Serine (S), Glycine (G), and
Tyrosine (Y) residues. The polar uncharged residues Q, S,
and G act as weakly interactive “spacers” along sequences,
serving to segregate highly attractive “sticker” residues (par-
ticularly Y) uniformly along the sequence. TIA1-LCD also
incorporates tryptophan (W) residues along the sequence
that can enable “sticky” interactions with itself and tyro-
sine (Y) through m—mt stacking of aromatic rings.

GSMAS
DNFGR
YNGFG
GPMKG
GYGGS

RGRSG SGNFG
GRGGF GGSRG
FGGGG SYNDF
RSSGG SGGGG
YGSGR RF

GGRGG
GGGYG
GNYNN
QYFAK

GFGGN
GSGDG
QSSNF
PRNQG

Al-LCD ASSSQ
GGNFS
NDGSN
GNFGG

SSSSS

MASTD
QTTQA
YGQTA
QGYGT
QPAYP
PQSST
MQPVT

YSTYS
YGQQS
YATSY
GAYDT
AYGQQ
GGYNQ
APPSY
QNTYG QPSSY
PPQTG SYSQA
HPSSM GVYGQ

EWSR1-LCD QAAAQ QGYSA
YGTYG QPTDV
GQPPT GYTTP
TTATV TTTQA
PAATA PTRPQ
PSLGY GQSNY
PPTSY SSTQP
GQQSS YGQQS

PSQYS QQSSS

YTAQP
SYTQA
TAPQA
SYAAQ
DGNKP
SYPQV
TSYDQ
SYGQQ
YGQQS

TQGYA
QTTAT
YSQPV
SAYGT
TETSQ
PGSYP
SsYsQ
PPTSY
SFRQD

FUS-LCD  MASND YTQQA
QPYGQ QSYSG
SQNTG YGTQS
YGQQS SYPGY
SYGQP QSGSY

PPQGY GQQNQ

TQSYG
YSQST
TPQGY
GQQPA
SQQPs
YNS

AYPTQ PGQGY SQQSS
DTSGY GQSSY SSYGQ
GSTGG YGSSQ SSQSS
PSSTS GSYGS SSQSS

YGGQQ QSYGQ QQSYN

TIALLLCD  MINPV QQQNQ
GQYMP NGWQV
SAPWM GPNYG

VAGYE TN

IGYPQ PYGQW GQWYG NAQQI
PAYGM YGQAW NQQGF NQTQS
VQPPQ GQNGS MLPNQ PSGYR
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As for the minimal HP model, we simulate chains with
a constant length n 150 to be close to the length
of the LCD sequences described above. Furthermore,
three sequence variants with hydrophobic fractions %, =
0.02,0.14,0.22 are simulated and analyzed. These values
correspond to chains that are “as sticky” as the LCDs (#;, ~
0.14), significantly less sticky than the LCDs (f, = 0.02),
and more sticky than the LCDs (f, = 0.22). Analogous
to LCD architectures, each constructed variant distributes
fo X n hydrophobic (H) beads as evenly as possible along
the sequence.

PPPPP
PPPPP
PPPPP
PPPPP
PPPPP

PPPPP
PPPPP
PPPPP
PPPPP
HPPPP

PPPPP
PPPPP
PPPPP
PPPPP
PPPPP

PPPPP
PPPPP
HPPPP
PPPPP
PPPPP

PPPPP
PPPPP
PPPPP
PPPPP
PPPPP

HPPPP
PPPPP
PPPPP
PPPPP
PPPPP

HP (f, = 0.02)

PPPHP
PHPPP
HPPPP
PPPPP
PPPPH

PPPPP
PPPHP
PPHPP
HPPPP
PPPPP

HPPPP
PPPPP
PPPPH
PPPHP
PHPPP

PPHPP
HPPPP
PPPPP
PPPPP
PPPHP

PPPPH
PPPHP
PHPPP
HPPPP
PPPPP

PPPPP
PPPPP
PPPHP
PPHPP
HPPPP

HP (f, = 0.14)

PPHPP
PPPPH
PHPPP
PPPHP
HPPPP

PPHPP
PPPHP
PHPPP
PPHPP
HPPPH

PHPPP
PPPHP
HPPPP
PPHPP
PPPPH

PHPPP
PPHPP
HPPPH
PPHPP
PPPHP

HPPPP
PPHPP
PPPPH
PHPPP
PPPHP

HPPPH
PPHPP
PPPHP
PHPPP
PPHPP

HP (f, = 0.22)

2. Mpipi model

In Mpipi, each protein residue is represented by a sin-
gle interaction site/bead. Each bead has an assigned mass,
charge, molecular diameter, and other interaction parame-
ters. The potential energy in the Mpipi model is taken as
the sum of bonded and non-bonded interaction terms.

EMpipi = Epond + Eelec + Epair- (2)
Specifically, beads are bonded via harmonic springs.
Ebond = }k(fi — i)’ (3)
- 2

Non-bonded interactions encompass long-ranged electro-
statics, which are captured via a Coulomb term with Debye—
Hiickel screening,

Eelec = Z

qiq;
Ame eqrij

(4)

exp(—/@r,-j),

and short-ranged pairwise contacts, which are modeled
via the Wang—Frenkel potential [55],

el

(5)

Oij
@w:§&ﬂuR
— r

1,J
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All model parameters are discussed in detail in Refs. 39 e tial [57]:

and 27 and are provided in our GitHub repository (see Data
Availability Statement). In Mpipi, the solvent is modeled
implicitly, and the model was parameterized by combining
bioinformatics data and atomistic potentials-of-mean force
calculations. Previous work has demonstrated that Mpipi
accurately captures both single-chain properties and collec-
tive phase behaviors of disordered proteins [27, 39, 56].

3. HP model parameterization

The binary HP model is designed to approximate LCD in-
teractions in condensates by representing LCDs as sticker—
spacer associative polymers. The HP model consists of two
bead types: hydrophobic (H) and polar (P), both with radius
0. H beads are used to represent stickers while P beads are
weakly associative residues acting as spacers between hy-
drophobic residues. A sequence'’s hydrophobicity fraction
fy, or its “stickiness,” is determined as the number of hy-
drophobic residues divided by the length of the sequence.
The total interaction energy Epp consists of contributions
from nonbonded pairwise interactions Eyuir,np and bonded
interactions Epond Hp:

(6)

The pairwise monomeric interactions between beads i and

Enp = Epair,HP + Ebond,HP-

s05 j are described by a Lennard-Jones (LJ) potential
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Epairmp(rj) = ¢ " [(ffj) (ffj ]

0, otherwise.

()
Here, r;; represents the distance between beads i and j, each
of which may be of type H or P. All the beads are set to
have the same size o and same mass m. The H-H pairwise
interaction is set to eyy = 1.0. Other interaction strengths
eyp and epp are determined by normalizing and rescaling
the Mpipi interaction strengths. In the Mpipi model, the
average of strong interaction strengths encoding 7—7t and
cation—7t pairwise interactions (e.g., YY, FF, FY, RY...) is

(8)

(evyFWR Mpipi) = 1.948 kJ/mol,
while the average of other interactions is

(€else.Mpipi) = 0.349 kJ/mol. 9)
Finally, the weakly associating H-P and P—P interactions
are determined by rescaling against the H-H interaction
strength:

<Ee|se,Mpipi>

€ = 10
HP.PP (EYFWR, Mpipi) (10)

X €EHH = 0.179 €HH -

The bonded interactions in the HP model are modeled by
the finite extensible nonlinear elastic (FENE) bond poten-
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where r; ;11 is the bond length of the ith bond, the spring
constant is set to K = 306HH/O'2, the maximum bond
length is Ry = 1.5 0, and the repulsive Lennard-Jones terms
are set to €pond = €HH and Opond = 0.

4. Molecular dynamics simulations

Implicit-solvent simulations of all single-component LCD
and HP model systems are conducted in the NV T ensemble
using the LAMMPS package [58].

LCD simulations are prepared with an initial density of
p = 0.05g/cm® at T = 270K and T = 310K in an
isotropic cubic box with periodic boundary conditions, and
NPT simulations were performed to accelerate the conden-
sate formation process during the initial steps. The inte-
gration timestep is set to dt = 10fs, and systems are sim-
ulated for 1 us after condensate formation for equilibrium
sampling. 1000 frames are sampled uniformly along equi-
librium trajectories for each LCD sequence. Results from
both temperatures are consistent; results from simulations
at T = 270K are shown in the main text. At this temper-
ature, all systems are below their critical points, enabling
direct comparison.

HP simulations are performed with the same steps as LCD
sequences with a integration timestep d7 = 0.005 \/mo?/e
at T* = 0.5kg T /epn. Production runs for each HP se-
quence are performed for 108d7, and 1000 trajectory frames
are sampled uniformly as in the LCD simulations. For each
sampled frame in both simulation types, dense-phase cen-
ters of mass and single-molecule conformations are obtained
using OVITO [59].

5. Construction of interaction graphs

Interaction matrices representative of single static frames
are constructed from particle position data, and we use
an energetic criterion to ensure that the interaction en-
ergy of two chains a and b exceeds the thermal energy,
i.e., Epairab < —kgT, when recording an interaction. For
N condensed polymers, a 2-dimensional interaction matrix
(adjacency matrix) M = N x N is constructed, where M,
is assigned as follows:

1 i Epair(rij) < —ks T,

else.
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Here i and j index over each bead (residue/monomer) along
respective protein chains a and b, and r;; is the distance
between monomers a and b. Finally, graph structures are
generated with the NetworkX python package [60] using
binary interaction matrices as adjacency matrices M. Each
node in a frame's representative graph represents a single
protein chain, and unweighted, undirected edges are drawn
between nodes if an attractive interaction between them is
observed in that frame according to the above criteria.

Interaction networks are studied for small-world-like
topologies by finding node betweenness centralities Cg
and calculating the small-world coefficients o4, and
wew [38, 43, 61]. The betweenness centrality Cg of
a node i is found and normalized via the NetworkX
betweenness_centrality() utility and is computed as
follows:

2 L (1)

)= W=D =2 1!

(13)
i#s#t

where the pair (s,t) enumerates over all node pairs in
the graph (excluding i), ¢s; is the total number of short-
est paths between s and t, and /(i) is the number of
shortest paths that flow through node i. The normaliza-
tion coclefficient is the inverse of the binomial coefficient
(M1 T =2/[(N-1)(N~-2)] for a graph with N'—1 nodes,
enumerating over all combinations of node pairs excluding
i. Betweenness centralities are normalized to facilitate com-
parison between graphs of systems of differing sizes, as the
summation suggests that it is a metric that scales with the
number of nodes N.

Graphs are generally considered to have small-world
topologies if neighbors of any given node are highly con-
nected to each other, if shortest pathlengths between any
given pair of nodes are low, and if the graph is sparse [38].
Both oy, and wg, serve as estimators of the “small-
worldness” of a given graph by comparing its average short-
est pathlength L = (¢nin) and its average clustering coeffi-
cient C to the same quantities Cang and L,ang found for a
series of Erdés—Rényi random graphs, and G, and Lyt for
equivalent lattice graphs :

C/Crand
Osw = ————, 14
L/Lrand ( )
and
Lrand C
Wew = — . 15
L Clatt ( )

It is commonly recognized that “small-worldness” in a graph
corresponds to ogy > 1 and we, &~ 0 [43, 61, 62]. Small-
world network topologies are marked by high clustering and
low average pathlengths, i.e., that individual "subcommu-
nities” of nodes exist within the graph that are closely
connected to each other and that particular nodes serve
as highly-connected hubs bridging each subcommunity to-
gether in an efficient manner. The flow of information or
impulses within these small-world networks are thus efficient
with minimal loss in fidelity.
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The betweenness centrality Cg of a node /i serves as a
metric on its hub-like connectivity, measuring the number
of shortest paths between any arbitrary node pair that flows
through i. For each sampled frame, the ten graph nodes
with the highest normalized Cg are selected as “hubs,” and
the ten largest cliques are selected as the “subcommunities”
of closely-connected nodes. A maximal clique for any node i
is defined as the largest fully-connected subgraph containing
i within the graph of interest; maximal cliques are found
via the NetworkX find_cliques() utility and only reported
if fewer than three nodes within the clique are members of
an existing reported clique. In simulations where fewer than
ten cliques existed, as is possible in the 125-chain HP model
simulations, all independent cliques larger than a triangle (3
nodes) are reported.

6. Spatial organization within simulated condensates

To study the spatial distribution of topological features
from condensate simulations, continuous trajectory samples
comprising 20% of total production runs (LCD: 200 ns of
1 ps; HP sequences: 2 x 107 d7 of 108 d7) are used, and
molecular hub and clique statuses are recorded for each
frame. Average radial mass density profiles are generated
for each simulation to obtain phase interfaces in tandem
with data on the radial distribution of hubs and cliques.
In each sampled frame, all particle masses and radial dis-
tances from the dense-phase center of mass are collected
and aggregated, and the mass densities are computed by
radial binning. Data on the spatial localization of hubs and
cliques are recorded by locating hub and clique molecules
within the condensate, computing their centers of mass,
determining the radial distances between molecular centers
of mass and dense-phase centers of mass, and binning. Sig-
moid functions are used to fit each radial mass density pro-
file with the scipy.optimize.curve_fit() utility [63] to quan-
titatively define interfacial boundaries. The radial bounds
of the interface correspond to the radial distances where
the mass density is 95% and 5% of the stable dense-phase
sigmoid fit value, capturing most of the region of change.
Finally, distances in radial distributions are normalized by
their corresponding simulation’s upper (dilute-phase) inter-
facial boundary in order to facilitate comparison between
systems.

7. Graph dynamics of the simulated condensate

To understand the time variance of topological organiza-
tions, we compute the timescales associated with the pres-
ence of hubs and cliques. The same continuous trajectory
samples described in the previous section 6 are used. In each
frame, the molecular indices corresponding to the ten nodes
with the highest betweenness centralities and the molecu-
lar indices corresponding to the members of the 10 largest
cliques are recorded. The frequency of single-molecule hub
or clique status is computed as the number of frames where
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FIG. S1. Spatial distributions of hubs and cliques in a single-
component FUS-LCD condensate containing 3375 chains at
T = 300K. Consistent with results from simulations of smaller
systems, clique molecules are closer to the condensate interface
than hub molecules.

individual molecules are labeled as hubs or as associated
with cliques, respectively. These frequencies are then nor-
malized by the total number of sampled frames in each con-
tinuous trajectory sample.

8. Conformational analysis

To analyze the structural and conformational properties
of single polymers in our simulations, we computed single-
molecule radii of gyration R, and relative shape anisotropies
2. These metrics are further employed to quantify changes
in IDP conformational properties with respect to molecular
connectivities within constructed interaction networks. En-
tire 1 us or 10® d7 trajectories are sampled at intervals of
20 ns or 2 x 10°dr (i.e., every 20th frame). At each sam-
pled frame, graph analyses are performed as described above
to compute betweenness centralities Cg for each molecule.
OVITO is used to obtain R; values and diagonalized gyra-
tion tensors S for each individual molecule:

A2 0 0
S=10 X 0], (16)
0 0 A2

where eigenvalues A1, Ao, A3 are the principal components of
the molecular gyration tensor. Relative shape anisotropies

k2 are then obtained via

AM+AN+A 1
A2+ A3+23)2 2

H2

3
=3 (17)

which is bounded between 0 and 1.
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9. Molecular motion through single-molecule displacement

Heterogeneities in molecular movements within con-
densed phases are studied by measuring single-molecule dis-
placements at 1 ns (10° d7 for HP sequences) intervals, the
minimum timestep between static frames in our trajecto-
ries. As in our conformational analyses, we sample frames
across trajectories of length 1 s (or 108 d7) at intervals of
20 ns (or 2 x 10° d7). For each of these frames, sampled at
some timestep t, we compute the center of mass r; com(t)
of each molecule i. The magnitudes of “instantaneous” dis-
placements | Ar;| are obtained by averaging the differentials
of the r; com from frames 1 ns (or 10° d7) before and after
the sampled frame at t, i.e., by computing r;com(t — 1)
and r; com(t + 1), respectively:

|Are 1| = |ricom(t) — ricom(t — 1)]
|Are ey1] = [ricom(t + 1) —ricom(t —1)]
|Art,t—1‘ + |Art,t+1|

> .

|Ari(t)] = (18)

Molecular displacements |Ar| are also normalized by the
length of the corresponding polymer’s linear chain confor-
mation to obtain |Ar| for comparison. Graph analyses are
then performed to relate single-molecule displacement to
molecular connectivity and topological status.
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