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This study presents valuable findings on phase-separated condensate formation by the
MUT-16 protein, which plays a key role in small RNA biogenesis. A detailed analysis of the
interactions governing condensate formation was carried out using coarse-grained and
all-atom molecular dynamics simulations, complemented by in vitro phase separation
experiments. While many of the results appear solid, a number of technical details are
lacking, the computational part appears incomplete and would benefit from additional
analyses and clarifications, and the novelty of the study should also be clarified,
particularly in comparison with the authors' previous work on MUT-16. Overall, the work
will be of interest to biophysicists and molecular biologists studying phase separation and
biomolecular condensates.
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Abstract
Phase separation of proteins gives rise to biomolecular condensates, which function as
membraneless organelles that spatially and temporally organize cellular functions. Such
condensates are often formed by intrinsically disordered regions of proteins (IDRs), whose
multivalent and transient interactions govern condensate structure and dynamics. However,
elucidating the molecular determinants of these interactions at atomistic resolution remains
challenging. Here, we present a total of 10 µs of atomistic molecular dynamics simulations of a
phase-separated condensate formed by the foci-forming region (FFR) of MUT-16. MUT-16 serves as
a scaffold of the Mutator foci germ granules in Caenorhabditis elegans and is essential for
transposon silencing. MUT-16 FFR is enriched in polar uncharged (Gln, Asn), charged, aromatic,
and Pro residues, raising the question of how these amino acids interact within condensates. We
find that most contacts are short lived, typically breaking within a few nanoseconds (ns), with a
median life time of 9.8 ns. A smaller fraction persist for much longer timescales (> 100 ns). We
characterized the relative contributions of different amino acids and specific interaction types,
including hydrogen bonding, cation–π interactions, π–π stacking, and salt bridges and theirs
dynamics. We further examined the roles of water and ions in modulating condensate
interactions, including ion-mediated bridging between similarly charged residues. Our results
reveal that salt bridges, cation-π interactions, Na+ ions, and water in the condensate are key
determinants of contact dynamics in MUT-16 FFR condensates. In parallel, we show that these
condensates exhibit upper-critical solution temperature (UCST) phase behavior in vitro, providing
a coherent framework to explain both the loss of Mutator foci at elevated temperatures in vivo and
the scaffolding role of MUT-16 at lower temperatures.
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Introduction
The formation of phase separated biomolecular condensates has emerged as a fundamental
organizing principle in cells.1–3 These condensates give rise to membraneless organelles, including
the nucleolus and stress granules.4–6 In germ cells, multiple types of biomolecular condensates,
collectively termed germ granules, have been described. Mutator foci are a nematode-specific
germ granule type membraneless organelle involved in small RNA biogenesis for genome
surveillance, with MUT-16 as the primary scaffold protein.7 A key molecular feature underlying
condensate formation is the prevalence of intrinsically disordered proteins (IDPs) or proteins
containing intrinsically disordered regions (IDRs).8,9 Unlike folded proteins, IDPs lack stable
secondary and tertiary structure, allowing them to sample highly dynamic conformational
ensembles10 and engage in transient and multivalent interactions that underpin their phase
separation.11 Consequently, biomolecular condensates formed by IDPs are central to a wide range
of biological functions,12–14 while their dysregulation has been implicated in pathological
conditions such as neurodegenerative diseases.15 Beyond their biological relevance, the
physicochemical principles governing IDP-driven condensates provide a foundation for the
rational design of biomimetic and stimuli-responsive materials,16 underscoring the importance of
understanding condensate formation and dynamics at the molecular level.

Despite significant advances in experimental techniques for probing biomolecular condensates,
directly resolving their internal dynamics, interaction networks, and the specific molecular
interactions driving phase separation remains challenging.8,17–20 Accumulating evidence suggests
that protein phase separation is governed by a complex interplay of noncovalent interactions,
including electrostatic, hydrophobic, π–π, and cation–π interactions between amino acid
residues.19,21–30 The physical chemistry of these non-covalent interactions has been well
characterized in model systems,31–35 but their roles in biomolecular condensates remain
incompletely understood. In addition to direct protein–protein interactions, ion-mediated
interactions and water-mediated effects have been shown to play essential roles in modulating
condensate stability and dynamics.19,29,36 Atomistic molecular dynamics simulations with explicit
solvent provide a powerful framework for dissecting these interactions at molecular resolution,
offering insights into the chemical specificity and dynamics that are difficult to access
experimentally.19,29,37–40 Molecular dynamics simulation can resolve directly how different amino
acids interact20,30,38,41 and the dynamics of their interactions can be quantified.30,42,43 Previous
molecular dynamics studies have shown that biomolecular condensates are characterized by
heterogeneous networks22,26 of both short- and long-lived intermolecular interactions. In a
pioneering atomistic investigation, Zheng et al. revealed the molecular interactions that underpin
protein phase separation.19 More broadly, Rekhi et al. combined atomistic simulations with
experiments to show that protein phase separation can be supported by a diverse repertoire of
interactions extending beyond, e.g., aromatic π-mediated contacts involving Arg.38 Rekhi et al. also
reported highly heterogeneous contact dynamics, with some contacts breaking and forming
repeatedly. Galvanetto et al. reported tracking the dynamics of contacts in simulations of a
coacervate formed by negatively charged prothymosin α and positively charged histone H1,
highlighting the central role of salt bridges and ion-mediated interactions20 and reported that
contacts typically break on the timescale of ns, while a small fraction of contacts persists for
longer times. Recently, Galvanetto et al. have identified dynamic reshuffling of such non-covalent
interactions in multiple condensates and linked this to the mesoscopic properties of
condensates.43 Along similar lines, our previous work on the MUT-16 system identified long-lived
Tyr–Arg contacts stabilized by cation–π interactions within a dense cluster of chains of a
disordered segment of MUT-16, although this region alone does not undergo phase separation.39

Despite these advances,19,20,38,43 the relative lifetimes of residue-level interactions and the role of
ion and water-mediated bridging in shaping the dynamics in condensate remain incompletely
understood.

However, the large size of condensate systems and long simulation durations required to achieve
equilibrium coexistence of dilute and dense phases pose a major challenge for fully atomistic
simulations. This limitation can be addressed by employing coarse-grained simulations to generate
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equilibrated, phase-separated configurations,19,44–46 which can then be backmapped to all-atom
representations.19,47,48 This multiscale strategy enables detailed interrogation of atomic-level
interaction patterns while preserving access to larger scale condensate organization.19,38 In
practice, however, such comprehensive analyses impose substantial computational overhead, as
individual interaction metrics are often evaluated using distinct analysis tools that require
separate passes over long simulation trajectories.41,49 This fragmentation not only increases
computational cost but also complicates data provenance, reproducibility, and reuse, making
adherence to FAIR data principles50 challenging in large-scale molecular simulation studies.

MUT-16 is a scaffolding protein that nucleates the formation of a membraneless organelle known
as the Mutator foci in Caenorhabditis elegans. These condensates plays a central role in the
amplification of small interfering RNAs (siRNAs), a critical step in RNA silencing.7,51 RNA silencing,
commonly known as RNA interference (RNAi), is a conserved gene-regulation mechanism that
safeguards genome integrity by suppressing viruses and transposable elements and is essential for
processes including gametogenesis, chromosome segregation, and development.52,53 The ability of
MUT-16 to assemble into Mutator foci is therefore funda-mental to the proper execution of RNAi-
mediated gene regulation. Mutator foci dissolve as the ambient temperature is increased, which
has been interpreted as upper critical solution temperature (UCST) behavior of protein
condensates. MUT-16 contains a large intrinsically disordered region (IDR), within which a
segment spanning residues 773-945 has been identified as the foci-forming region (FFR) that is
necessary for MUT-16 phase separation.51 Deletion of this region abolishes Mutator foci formation
in vivo, while in vitro experiments demonstrate that the FFR alone is sufficient to undergo liquid–
liquid phase separation and form condensates.39 Notably, an adjacent region of MUT-16 is
required for recruiting RNA-processing machinery54 but is dispensable for foci formation; this
region does not phase separate in vitro, a distinction that is recapitulated in residue-resolved
coarse-grained and Martini3 simulations.39 Despite these advances, the atomistic interactions and
molecular mechanisms that drive phase separation of the MUT-16 FFR remain poorly understood.

In this study, we use atomistic simulations to resolve the dynamic interactions within the phase-
separated MUT-16 FFR condensate. We established that MUT-16 condensates are (1) a
representative model system for protein condensates by sequence analysis and (2) for Muta-tor
foci in vivo by characterizing the temperature-dependence of MUT-16 phase separation. We then
elucidated the molecular interactions governing phase separation of the MUT-16 FFR at atomistic
resolution (Movie S1     ) by performing a comprehensive, residue-resolved analysis of contact
frequencies and relating these interaction propensities to the corresponding lifetimes of residue
pairs. In addition, we quantified the relative contributions of specific non-covalent interactions,
including hydrogen bonding, salt bridges, cation–π interactions, π–π stacking, and determined how
their fraction of contacts and lifetimes shape condensate dynamics. Beyond protein–protein
interactions, we examined the association of Na+ and Cl−ions with amino acid side chains and
backbones, analyzed the persistence of ion–residue inter-actions, and investigated the role of
counter-ions in mediating interactions between similarly charged residues. Finally, we
characterize the distribution and dynamics of water within the condensate, comparing hydration
in the condensate interior and at the interface, and evaluate how water molecules bridge
interactions among acidic, basic, and polar residues. To miti-gate the computational overhead
associated with large-scale atomistic analyses, we employed parallelization on high-performance
computing (HPC) infrastructure also for the residue-resolved contact analysis, implementing a
multi-step downstream analysis pipeline that op-erates on a unified contact record
(https://github.com/luhtzia/cascade_computing     ).

Methods
Sequence analysis of MUT-16 FFR sequence
To contextualize the MUT-16 FFR within the broader landscape of IDPs, we analyzed its se-quence
similarity and amino-acid composition relative to a comprehensive dataset of 28,058 human
intrinsically disordered regions (IDRs) compiled by Tesei et al.10 For comparison, the same
analyses were performed for the low-complexity domain (LCD) of the human FUS protein, a well-
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established model system for protein phase separation.19,55 Embedding-based alignment (EBA)56

was used to quantify sequence-level similarity between MUT-16 FFR and human IDRs. Protein
sequence embeddings were generated using the ESM-2 protein language model
(facebook/esm2_t12_35M_UR50D).57 For each human IDR, an embedding-based similarity score
(EBAmin) was computed with respect to MUT-16 FFR. An identical procedure was applied to
compute EBAmin scores for the FUS LCD against the same human IDR dataset. All EBA calculations
were performed following the reference implementation provided at
https://git.scicore.unibas.ch/schwede/EBA     . To assess compositional similarity independent of
sequence order, we additionally computed the root-mean-square error (RMSE) between amino-
acid composition vectors. For each sequence, the abundance of the 20 standard amino acids was
represented as a composition vector. RMSE values were then calculated between the composition
vectors of each human IDR and those of MUT-16 FFR or FUS LCD. This metric provides a
quantitative measure of similarity in residue composi-tion and enables direct comparison of MUT-
16 FFR and FUS LCD with the broader human IDR proteome.

Temperature-dependent phase separation experiments
Protein labeling with Atto488-maleimide
Recombinant MBP-3C-MUT-16-6xHis 773–944 aa (FFR) protein was purified as described in.39 The
protein was then buffer-exchanged into labeling buffer (100 mM NaPi, pH 7.1, 150 mM NaCl) using
Zeba Spin Desalting Columns (Thermo Scientific, A57760) following the manufacturer’s
instructions. The cysteines were reduced by the addition of 2 mM TCEP and incubated on ice for 10
minutes. Atto488-maleimide (ATTO-TEC, AD488-41) was then added in a 2.5-fold molar excess
relative to the protein and incubated at 4°C overnight. To quench the reaction, 4 mM DTT was
added, and the free dye was removed twice using Zeba Spin Desalting Columns (Thermo Scientific,
A57760) following the manufacturer’s instructions.

Preparation of emulsions
The concentration of the purified MUT-16 construct MUT-16 773–944 aa (FFR) was de-termined via
extinction coefficient measurements at 280 nm using a DeNovix DS-11 spec-trophotometer
(Biozym) and diluted to the desired concentration in storage buffer (20 mM Tris/HCl, pH 7.5, 150
mM NaCl, 10% (v/v) glycerol, and 2 mM DTT). Atto488-labeled MUT-16 recombinant protein was
also added, representing 1% of the total protein in the reaction, to better delineate the contour of
the condensate during analysis. Finally, conden-sate formation was induced by cleaving the MBP
tag using 3C protease (1 mg/mL, in-house produced) at a 1:100 (w/w) ratio of 3C protease to the
corresponding MUT-16 fragment. Immediately afterward, PicoSurf oil (2% (w/w) in Novec 7500,
Sphere Fluidics, UK) was added at 2x the solution volume to encapsulate the reaction to have a
define volume of the reaction. Each buffer-oil mixture was agitated using a 10 µL pipette and 10
µL tips until the desired size distribution of water-in-oil droplets was achieved. The reactions were
performed in 8-strip PCR tubes (Multiply-µstrip Pro 8-strip, Sarstedt, REF 72.991.002). The specific
titration series of MUT-16 773–944 aa (FFR)[20 µM, 15 µM, 10 µM], shown in Fig. 3B     , were then
mounted on a temperature-controlled microscope stage.

Sample loading and imaging procedure for emulsions
In order to rapidly and accurately change the temperature on the condensates, a custom-made
temperature-controlled microscope stage named Vulcan developed by Anatol W. Fritsch, Juan M.
Iglesias-Artola, and Anthony A. Hyman (2024)58 was used. Parafilm (Bernis, USA) lanes were
created and sandwiched between a sapphire slide and a standard 20x20 mm cover-slip (Roth
Karlsruhe) to enable parallel imaging of the titration reaction series. The emulsion solutions were
loaded into individual lanes by pipetting, and each lane was sealed to min-imize evaporation and
movement of the water-in-oil emulsion. The temperature-controlled microscope stage was set to
25°C for 30 minutes to complete the 3C cleaving reaction and then decreased to 20°C for an
additional 30 minutes. Samples were then imaged using a Thunder (Leica) inverted widefield
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Figure 1. Simulation slab box containing MUT-16 FFR chains, each represented by a distinct color.

The protein chains are solvated in water (cyan) with ions, Na+ (red) and Cl− (green). Representative specific interactions
observed in the simulation are highlighted, including cation-π interactions between the guanidinium group of Arg and the
phenol group of Tyr, π-π stacking between phenol groups of Tyr residues, salt bridges between the guanidinium group of Arg
and the side-chain carboxylate group of Glu, and hydrogen bonds between the hydroxyl group of Tyr and the carboxylate
group of Glu.
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Figure 2. Sequence and compositional similarity of human IDRs to MUT-16 FFR and FUS LCD.

A. Box-and-whisker plots showing the distribution of EBAmin similarity scores for human IDRs, evaluated with respect to the
MUT-16 FFR (blue) and the FUS LCD (orange). The median is indicated by the horizontal line and the mean by a green
triangle; outliers are shown as translucent pink stars. B. Box-and-whisker plots showing the distribution of RMSE values
quantifying compositional similarity of human IDRs relative to the MUT-16 FFR (blue) and the FUS LCD (orange). C. Box-and-
whisker plots showing residue abundance distributions across the same set of human IDRs, with residue abundances for the
MUT-16 FFR (blue) and the FUS LCD (orange) overlaid.
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Figure 3. MUT-16 FFR is a low-temperature condensation (UCST) protein.
(A) Schematic representation of the experimental workflow for the inPhase method. In the first step, serial dilutions of MUT-
16 fragments are prepared, and phase separation is induced by cleaving the MBP tag using 3C protease. In the second step,
the reaction mixture is immediately encapsulated into oil droplets. In the third step, the emulsion droplets are loaded onto a
temperature-controlled stage between two Parafilm strips to spatially compartmentalize each condition (e.g., different
protein concentrations). In the final step, the droplets are imaged, and the volume fraction (Vcon/Vtot) is determined from the
condensate and droplet volumes. (B) Representative single-plane images of emulsion droplets containing the MUT-16 773–
944 aa (FFR) fragment at different concentrations (10 µM, 15 µM, 20 µM) and temperatures (20◦C, 30◦C, 40◦C). Left panels show
bright-field images, and right panels show fluorescence images. Scale bar: 100 µm. White boxes in the 20 µM panel indicate
regions shown in the zoomed-in images below (scale bar: 20 µm). (C) Quantification of temperature effects on condensates.
The volume fraction was normalized to the value at 20◦C for each protein concentration. Each experiment comprises data
points from multiple emulsion droplets. Bars represent mean ± SD (n = 47 for 10 µM, n = 138 for 15 µM, and n = 116 for 20 µM)
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microscope in bright-field and fluorescence modes with a 40x/0.95 air objective. The temperature
was then increased in 10°C steps interval until reaching 40°C, with a 30-minute equilibration
period before imaging at each interval.

Image Analysis and Calculation of volume fraction
The effects in temperature on condensate formation was measured as volume fraction which is
the ratio between the volume of condensate(s) over the total volume of the oil droplet. Images
were processed using Fiji/ImageJ (2.14.0/1.54f). Bright-field images of each lane were used to detect
the contours of the water-in-oil emulsion droplets manually, while fluorescence images were used
to identify the contours of the condensates. The analysis assumed an ellipsoid shape for the
emulsions, which was measured manually to determine the circumference of each emulsion
droplet. The volume of the condensate(s) within each emulsion droplet was determined via image
registration, and intensity of the dilute and condensed phases. In brief, after basic image filtering,
a Gaussian blur was applied to the image, and a mask of the condensate was generated. This mask
was used to estimate the outline of the condensates and, assuming sphericity, to calculate their
volumes, which were also manually inspected for accuracy. Then the volume fraction was
calculated and normalize to the 20°C for each concentration of recombinant protein.

Coarse-grained simulations of MUT-16 FFR phase separation
Coarse-grained molecular dynamics simulations of MUT-16 FFR were performed with GRO-MACS
(version 2018)59 using the Martini3-IDP force field.44,60 The MUT-16 FFR (residues 773–944; 172
amino acids)39 was initialized from the AlphaFold-predicted61 structure (AF-O62011-F1) and
converted to a coarse-grained model using the martinize2 pipeline.62 A total of 65 copies of the
coarse-grained MUT-16 FFR were embedded in a slab-shaped simu-lation box with dimensions of
12 × 12 × 60 nm3 and solvated using the insane.py script.63 System neutrality was ensured, and
additional Na+ and Cl− ions were added to reach a physiological salt concentration of 0.15 M.
Periodic boundary conditions were applied in all dimensions. The system was first subjected to
energy minimization using the steepest-descent algorithm, followed by a multi-stage equilibration
protocol. Initially, solvent and ions were equilibrated in the NVT ensemble while restraining the
protein coordinates. These re-straints were subsequently released, and further equilibration was
carried out in the NVT ensemble to allow protein relaxation. The systems were then equilibrated
under NPT con-ditions using a 20 fs time step. Production simulations were finally conducted in
the NPT ensemble. Throughout the simulations, the temperature was maintained at 300 K using
the Bussi–Donadio–Parrinello velocity-rescaling thermostat,64 and pressure was maintained at 1
bar with the Parrinello–Rahman barostat.65 The production run was extended to 20 µs with a 20 fs
integration time step.

Atomistic molecular dynamics simulations
Atomistic molecular dynamics simulations of the MUT-16 FFR condensate were initiated from the
final configuration of the corresponding Martini3-IDP44 coarse-grained trajectory. The coarse-
grained system was converted to an all-atom representation using the initram.sh backmapping
workflow, which automates the execution of backward.py to generate atom-istic coordinates and
subsequently performs a sequence of energy minimization and position-restrained equilibration
steps to relax the system.66,67 To reduce computational cost while preserving the condensate
geometry and interfacial features, the simulation slab was trun-cated along the z-dimension by
selectively removing solvent molecules, reducing the box size to 12 × 12 × 35 nm3. The resulting
atomistic system comprised approximately 544,800 atoms. All atomistic simulations were
performed using GROMACS (version 2018)59 with the Amber99sb-star-ildn-q68–71 force field in
combination with the TIP4P-D72 water model. Following backmapping, the system was subjected
to energy minimization using the steepest-descent algorithm to eliminate unfavorable contacts.
The energy-minimized structure was equilibrated using a multistep protocol analogous to that
employed for the coarse-grained simulations. First, the solvent and ions were equilibrated in the
NVT ensemble while restrain-ing the protein coordinates. These restraints were then released, and
additional equilibration was performed in the NVT ensemble to allow relaxation of the protein.
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Finally, the system was equilibrated under NPT conditions using a 2 fs time step. Temperature was
maintained at 300 K using the Bussi-Donadio-Parrinello velocity-rescaling thermostat,64 and
pressure was controlled at 1 bar using the Parrinello-Rahman barostat.65 Production simulations
were carried out in the NPT ensemble for 1 µs each across 10 independent replicas, yielding an
aggregate sampling time of 10 µs.

Contact analysis
For contact analysis, we employed the "cascade computing" framework (https://github.com/comp-
mol-biol/cascade_computing     ) previously developed in our lab. Designed for high-performance
computing (HPC) clusters, this approach facilitates the calculation of pairwise contact data
through a high degree of parallelization. It ini-tially stores pairwise residue contacts in an
intermediate data structure, a so-called "contact record". Thus, the record provides a consistent yet
resource-efficient starting point for spe-cific downstream analysis, eliminating the need for
computationally expensive reprocessing of raw trajectories.

The parallelization strategy operates on two levels: first, the large molecular system is decomposed
into numerous subsets of chain pairs assigned to independent computing nodes. Second, within
each node, parallel Dask workers process individual chain pairs and trajectory segments to fully
leverage CPU resources. Here we have used this approach to analyze a system of 2080 chain pairs
with 48841 residue pairs each. Using one Dask worker per CPU (10 GB RAM/worker) across 40
nodes (40 CPUs each), we processed the full dataset (10 trajectories, 800 ns each, 100 ps resolution)
in 15 hours without explicit fine-tuning. In a single run, we can derive contact matrices resolved
by e.g. residue ID or amino acid type, for both contact frequency and lifetimes, solely from the
contact record.

A residue pair is defined as being in contact if at least one corresponding atom pair is in contact.
To efficiently exclude irrelevant chain pairs, we followed the approach of von Bülow et al.73 by
first evaluating the distances between protein centers of mass (COM) before computing atomistic
contacts. Furthermore, the analysis employs a dual-cutoff scheme consisting of a strict cutoff d,
and a weaker cutoff dlb = (d + Δdɛ). In a system with Nres residues, for any residue pair at position
xi, xjat time tkto be in contact, the following condition must hold:

Based on the two contact sets C ⊂ Clb, which contain all timesteps where a pair is in contact,

we process breaks in C in order to account for transient excursions. As Galvanetto et al.
proposed, we additionally include respective frames from Clb where the contact is

maintained within the weaker contact cutoff dlb before re-forming a strict contact.20 In this

way, the lifetime of a contact initially formed below a cutoff of d is considered unbroken until
the distance exceeds dlb. Specific parameters for the different contact analysis cases are

provided in the Supplementary Information in Table S1     .

The contact frequency f (l, m) for a selection of residues is calculated in (1) based on its number of
frames in contact. We divide it by the number total contacts (NC) that form over the full length of
the trajectory. More formally, for any aggregation of residue pairs i, j into sets L, M (e.g. amino-
acids) we can map:

For the contact frequency it then holds:

(1)

|𝑥𝑖 (𝑡𝑘)− 𝑥𝑗 (𝑡𝑘)| < 𝑑 and𝐂(𝑖, 𝑗) = {𝑡0, 𝑡1, 𝑡5,… , 𝑡𝑁}

|𝑥𝑖 (𝑡𝑙)− 𝑥𝑗 (𝑡𝑙)| < 𝑑lb and𝐂lb(𝑖, 𝑗) = {𝑡0, 𝑡1, 𝑡3, 𝑡4, 𝑡5,… , 𝑡𝑁}

𝑙→ {𝑖}𝑙 := 𝐿, 𝑚→ {𝑗}𝑚 :=𝑀

with 𝑖, 𝑗 ∈ [0,𝑁res ]

𝐟(𝑙,𝑚) =
∑𝑖∈𝐿,𝑗∈𝑀 |𝐂(𝑖, 𝑗)|

𝑁𝐶

.
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For the normalized contact frequency f^ we divide f by the abundance of each amino-acid
pair. In this work, we extended the "cascade computing" framework to analyze specific non-
covalent interactions, covering: (1) π − π stacking, (2) cation-π interactions, (3) salt bridges.
We document specific bond types as an additional contact attribute in the contact record,

based on the geometric definitions from Venkatakrishnan et al.41 Our implementation adopts

the logic of their Python package getContacts, removing the dependence on VMD74 as a pre-
requisite (https://github.com/getcontacts/getcontacts     ).

For the analysis of the hydrogen bonds we used MDAnalysis,49,75 in particular the corre- sponding
HydrogenBondAnalysis class.
(https://docs.mdanalysis.org/2.0.0/documentation_pages/analysis/hydrogenbonds     . html).

Ion and water analysis
We quantified the association of ions (Na+ and Cl−) and water with both amino-acid side chains
and backbones within the MUT-16 FFR condensate. Ion–residue and water–residue contacts were
defined using distance cutoffs of 4 Å for Na+, 5 Å for Cl−, and 4 Å for water molecules. These cutoffs
were chosen to span the region between the first and second sol-vation shells, thereby capturing
chemically meaningful coordination and hydrogen-bonding interactions without overcounting
nonspecific solvent proximity.76.77 The protein–water in-terface was identified from one-
dimensional density profiles computed along the z-axis, with the interface defined as the region
where the protein density begins to decrease toward bulk solvent values. Density profiles of
protein, water, and residue classes (acidic, basic, and polar) were calculated along the z-axis and
averaged over the analyzed portions of all trajectories. Bridging interactions between similarly
charged residues were identified by monitoring the simultaneous proximity of a counter-ion or
water molecule to two residues of the same charge. For example, a Glu–Glu bridging event was
defined when a Na+ ion or a water molecule was located within the respective distance cutoff of
both residues, thereby mediating an otherwise electrostatically unfavorable interaction.

Results
Sequence composition reveals MUT-16 FFR as more representative
of Human IDRs than FUS LCD
Because sequence composition and sequence patterning are key determinants of protein phase
separation, we examined the MUT-16 FFR sequence and residue composition within the broader
landscape of 28,058 human IDRs compiled by Tesei et al.,10 and in comparison to the canonical
FUS LCD,19,55 using EBA56 scoring and RMSE of amino-acid composition vectors.

To quantify sequence similarity, a similarity score (EBAmin) was computed for each hu-man IDR
relative to both MUT-16 FFR and FUS LCD. The resulting EBAmin distributions are summarized as
box-and-whisker plots (Fig. 2A     ). Although the mean and median sim-ilarity scores are
comparable for MUT-16 FFR and FUS LCD, their distributions differ markedly in spread. The
interquartile range (25th–75th percentiles) of EBAmin values is broader for MUT-16 FFR, indicating
greater variability in similarity to human IDRs. Consistently, the MUT-16 FFR distribution exhibits
both higher upper-tail values (∼1.6 vs. ∼1.4) and lower minima than FUS LCD. Together, these
features suggest that, despite sim-ilar average similarity, MUT-16 FFR spans a wider similarity
landscape, reflecting greater sequence heterogeneity and reduced repetitiveness compared to the
low-complexity profile of FUS LCD.

We next quantified compositional similarity by representing each human IDR as an amino-acid
abundance vector and computing the root-mean-square error (RMSE) relative to the
corresponding vectors of the MUT-16 FFR and the FUS LCD (Fig. 2B     ). The resulting RMSE
distributions differ substantially between the two reference sequences. For the MUT-16 FFR, both
the mean (∼ 12) and median (∼ 10) RMSE values are substantially lower than those obtained for
the FUS LCD (mean ∼ 15, median ∼ 14). These trends indicate that, with respect to sequence
composition, the MUT-16 FFR is more similar to a larger fraction of human IDRs than the FUS LCD.
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To further elucidate the compositional similarity, we examined residue-abundance dis-tributions
across human IDRs and compared with those of MUT-16 FFR and FUS LCD (Fig. 2C     ). MUT-16 FFR
contains all amino acids except Trp, which is itself rare in human IDR sequence analyzed,10

whereas FUS LCD is depleted in ten residue types (Cys, Glu, Phe, His, Ile, Lys, Leu, Arg, Val, and
Trp). Notably, eleven residues in MUT-16 FFR fall within the interquartile range of residue
abundance in of human IDRs, compared with only four in FUS LCD. Although both proteins are
enriched in Gly, Gln, Ser, and Tyr, residues common in human IDRs, such as Lys and Leu, are
reduced in MUT-16 FFR and absent in FUS LCD. These compositional differences account for the
lower RMSE values of MUT-16 FFR and highlight its closer alignment with the global sequence
landscape of human IDRs (Fig. 2B     ).

In conclusion, these analyses demonstrate that the MUT-16 FFR more closely resembles the
broader class of human IDRs than the FUS LCD, supporting its relevance as a rep-resentative
model system for studying the molecular principles underlying phase-separated protein
condensates.

MUT-16 FFR exhibits Upper Critical Solution Temperature (UCST)
phase behavior
Given the high abundance of proline (Pro)78 and aromatic residues, we wondered whether MUT-
16 FFR condensates are more stable at lower (20◦C) or elevated (40 ◦C) temperatures, and how this
behavior compares to the reported disappearance of Mutator foci at higher tem-peratures in
vivo,51 which we tested in vitro. Proline and aromatic-rich proteins such as the C-terminal domain
of RNA Polymerase II, form more stable condensates at elevated tem-peratures and dissolve upon
cooling,79 characteristic of Lower Critical Solution Temperature (LCST) phase behavior. Other
proteins such as FUS LCD exhibit Upper Critical Solution Temperature (UCST) behavior.25,80 We
observed the phase separation of MUT-16 FFR at 20◦C, 30◦C and 40◦C in experiments, where we
controlled the temperature as described re-cently by Fritsch et al.58 Encapsulating the protein
solution makes it possible to quantify the volume of the dense phase in comparison to the total
volume of the solution confined by the oil droplets. The ratio of these volumes defines the volume
fraction (Fig. 3A     ). As expected, higher protein concentration resulted in an increase of the
volume of droplets (Fig. 3B     ), with experiments conducted at 10 µM, 15 µM and 20 µM. When the
volume fraction was normalized to its value at 20◦C for each protein concentration, it showed that
increasing the temperature reduces the tendency to phase separate, as evidenced by a reduced
volume fraction (Fig. 3C     ). At an intermediate temperature (30◦C), the normalized volume frac-
tion decreases by approximately a factor of two as the concentration increases from 10 µM to 15
µM, and further decreases by a similar factor upon increasing the concentration to 20 µM. At a
higher temperature (40◦C), the volume fraction becomes negligible at 15 µM and remains
negligible at 20 µM. These observations demonstrate a strong and non-linear dependence of
condensate volume fraction on both temperature and protein concentration. Overall, the in vitro
measurements provide compelling evidence that the MUT-16 FFR ex-hibits UCST phase behavior,
as demonstrated by the pronounced temperature-dependent modulation of condensate formation,
where phase separation is favored at lower temperatures and progressively suppressed upon
heating.

Previous studies define UCST sequence heuristics based on five parameters: length, charge content
(R+K+D+E), zwitterionic character [(R+K)/(R+K+D+E)], aromatic con-tent (Y+H+W+F), and Arg
enrichment [R/(R+K)], with thresholds of > 100 residues, > 20% charge, 45–55% positive charge
fraction, > 10% aromatic content, and > 85% Arg enrichment.81 MUT-16 FFR satisfies the length
(172 residues), aromatic content (20.35%), and Arg enrichment (85.71%) criteria. Its charge content
(10.47%) and charge balance (38.89% positive charge fraction) are slightly below the nominal
thresholds; however, previ-ous studies show that resilins exhibiting UCST behavior typically
contain 12–15% charged residues,82 indicating that such values remain compatible with UCST.
Similarly, the deviation in charge balance corresponds to ∼ ±7% from ideal zwitterionic character,
which is close to the expected ±5% window.81 Overall, these features indicate that MUT-16 FFR is
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consistent with UCST-like sequence characteristics and rationalize our in vitro, where MUT-16 FFR
phase separation was reduced as temperature increased, and previous in vivo observations,51

where Mutator focii disappeared as temperature was raised.

Considering the sequence comparison, the similarities of temperature response, but also the
previously reported similar effect of truncations of the MUT-16 sequence in vitro and in vivo,39,51

we conclude that studying MUT-16 condensates on their own can elucidate drivers of Mutator focii
condensation in vivo.

Molecular dynamics simulations highlight frequent contacts of po-
lar and aromatic groups as well as charge-charge interactions
Having established MUT-16 FFR as a model system for phase-separated condensates, we turned to
atomistic molecular dynamics simulations to elucidate how interactions among dif-ferent amino
acids shape MUT-16 condensates (Movie S1     ). Ten atomistic trajectories (1 µs) were initiated by
reconstructing atomistic detail from an initial coarse-grained simulation where MUT-16 FFR
spontaneously phase-separated (Movie S2     ). We characterized the in-teraction dynamics of the
phase-separated MUT-16 FFR condensate at atomistic resolution by analyzing both unnormalized
and abundance-normalized contact frequencies, followed by quantification of contact lifetimes
(Fig. 4     ). All interaction analyses were performed at the level of amino acid side chains, to
capture the chemical diversity and interaction specificity within the condensate. Together, these
metrics enable a complementary view of interaction frequency, compositional bias, and dynamics
within the condensate.

The unnormalized interaction profile reveals a high frequency of contacts between polar
uncharged residues, particularly Gln and Asn (Fig. 4A     ). This enrichment reflects their high
abundance in the MUT-16 FFR sequence (Fig. 2C     ) and the ability of their side-chain amide
groups to both donate and accept hydrogen bonds. In addition, Tyr and Pro, which are also
abundant in the MUT-16 FFR sequence, exhibit frequent interactions with other residues of the
same type, strong mutual interactions, and extensive contacts with other residues, consistent with
previous studies27,79 that highlight their central roles in mediating interac-tions. Furthermore,
despite being as abundant as Tyr (Fig. 2C     ), Ser shows significantly fewer interactions,
highlighting the importance of the Tyr phenyl ring in favoring interaction.

By contrast, the abundance-normalized contact map reveals a distinct interaction pattern, which
emphasizes specific residue–residue interaction propensities rather than overall residue
abundance.38 Hydrophobic Leu–Leu interactions emerge as the most prominent contacts within
the MUT-16 FFR condensate (Fig. 4B     ), reflecting putatively favorable interactions of their
aliphatic side chains. Note that relatively few such events are observed, which is not surprising
considering their low abundance, with a single Leu residue in the MUT-16 FFR sequence (Fig.
2C     ). These are followed by Arg–Glu and Arg–Asp interactions, consistent with favorable salt-
bridge formation between oppositely charged guanidinium and carboxylate groups, with Arg–Glu
contacts occurring more frequently than Arg–Asp. Phe–Phe interactions are moderately strong and
more prominent than Tyr–Tyr contacts, which may indicate that local sequence context favors
interchain interactions of the five Phe residues. Despite this, Tyr residues participate in a wide
range of interactions with multiple residue types, indicative of a promiscuous interaction profile.
Notably, Arg–Glu and Arg–Asp interactions are substantially more prevalent than Lys–Glu
contacts, which, although capable of forming salt bridges, display only moderate interaction
propensity; Lys–Glu interactions nevertheless exceed those of Lys–Asp. Trp does not contribute to
the contact network because it is absent from the MUT-16 FFR sequence, whereas Gly exhibits
negligible interactions owing to its minimal side chain. Other aliphatic side chains of Ala and Val
exhibit uniformly weak interactions across all partners.

In conclusion, unnormalized and abundance-normalized contact maps show that interactions
within the MUT-16 FFR condensate are governed by both polar and charged residues. Polar
residues (Gln and Asn) contribute through high sequence abundance, whereas charged residues
(Arg, Glu, and Asp) contribute through their strong intrinsic interaction strength. Tyr residues are
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Figure 4. Residue-resolved contact frequencies and persistence of side-chain interactions in the MUT-16
FFR condensate.

A, B. Residue resolved contact maps derived from atomistic simulations of the MUT-16 FFR condensate, shown in both
unnormalized and abundance-normalized heatmaps. The maps report contact frequencies for side chain-side chain (SC:SC)
interactions between all amino acid pairs, where unnormalized frequencies reflect the raw occurrence of contacts, and
abundance-normalized frequencies account for sequence compo-sition effects to highlight intrinsically preferred
interactions. C. Box-and-whisker plots of lifetimes for SC:SC contacts between amino-acid pairs. The central line indicates the
me-dian, the green triangle denotes the mean, and high-persistence outliers beyond the upper tail are shown as translucent
pink stars.
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abundant in the sequence and exhibit correspondingly high contact frequencies, whereas Phe
residues, despite their lower abundance, display disproportionately high contact frequencies
relative to their abundance. Together, these results elucidate the interplay between prevalence
and propensity in governing condensate interaction dynamics.

Contact lifetimes correlate with normalized, but not
unnormalized, contact frequency
To probe contact persistence, we quantified side-chain contact lifetimes and correlated mean
lifetimes with unnormalized and abundance-normalized contact frequencies. Lifetime
distributions for residue pairs with high normalised contact frequencies (Fig. 4B     ) are shown as
box-and-whisker plots in Fig. 4C     , while mean lifetimes for all residue pairs are summarized in
Fig. S2B     . The temporal resolution of the analysis is limited by the 0.1 ns sampling interval,
resulting in a lower tail fixed at 0.1 ns. We consider fully persistent contacts across the entire
trajectory, allowing for potential interplay between short- and long-lived contacts. To account for
outliers that substantially affect the mean lifetimes, we present the full lifetime distribution and
discuss the corresponding medians.

Overall the lifetimes of contacts are short, but there are a few long-lived contacts. De-pending on
the residue pair in the MUT-16 FFR atomistic simulations, between 102 and more than 105 binding
events were observed (Fig. S2A     ). Across selected interaction types, mean lifetimes substantially
exceed the corresponding medians, indicating strongly right-skewed, non-Gaussian lifetime
distributions dominated by rare long-lived events (Fig. 4C     ). In many cases, the influence of these
events is sufficient for mean values to approach or slightly exceed the upper-quartile values, with
upper tails extending to approximately ∼ 100 ns across residue pairs. Consistent with this
behavior, the lifetime histograms exhibit a sharp decay beyond ∼ 100 ns, indicating that long-lived
contacts are generally infrequent (Fig. 5A     ). In-terestingly, for specific residue pairs such as Arg-
Asp and Arg-Glu, approximately one in ten contacts persists longer than 100 ns (Fig. 5A     ). Median
lifetimes for most interactions cluster around ∼ 10 ns, indicating a broadly similar timescale of
contact persistence across residue pairs for the pairs shown in (Fig. 5C     ). Considering the
contacts of all 19 amino acid types in the FFR sequence and computing the lifetimes of their
pairwise contacts, we obtain a median of ∼ 9.8 ns. Notably, interactions involving Arg and Asp
residues exhibit higher median lifetimes, generally exceeding 10 ns on average (Fig. S3     ),
reflecting their enhanced stability. In contrast, Lys-mediated interactions represent a clear
exception, displaying com-paratively lower median lifetimes of approximately ∼ 8 ns (Fig. 4C     ,
S3), suggesting reduced contact persistence relative to other charged residues.

The upper-quartile and upper-tail lifetimes are distinct across residue pairs (Fig. 4C     ). Arg–Asp
interactions exhibit the largest upper-quartile values (∼ 80 ns), followed by Arg–Glu (∼ 60 ns).
Interestingly, although abundance-normalized contact frequencies indicate stronger Arg-Glu
interactions than Arg-Asp (Fig. 4B     ), the longer mean persistence of Arg-Asp con-tacts (Fig.
S2B     ) suggests that interaction prevalence and lifetime are not strictly correlated (Fig. 4C     ). We
ensured that this disparity is not driven by a few rare, long-lived contacts by analyzing individual
Arg-Asp and Arg-Glu pairs in the MUT-16 FFR sequence (Fig. S4     ), and observed that Arg-Asp
pairs generally exhibit higher median and mean lifetimes. This disparity may reflect differences in
side-chain geometry: the longer, more flexible side chain of Glu likely facilitates more frequent
encounters with Arg but also leads to greater fluctu-ations in the contact profile. In contrast, the
shorter side chain of Asp requires interaction partners to approach more closely, resulting in
fewer contacts but with longer lifetimes.

Further, Lys–Asp and Lys–Glu interactions display substantially lower upper-quartile values (∼ 35
ns). Aromatic interactions exhibit distinct statistical signatures: Tyr–Tyr interactions show a
broader interquartile range than Phe–Phe, while Arg–Tyr and Arg–Phe interactions display greater
variability compared to Lys-based contacts. Aromatic interactions (Tyr–Tyr, Tyr–Phe, and Phe–
Phe) also exhibit the highest density of high-persistence outliers, followed by Arg-mediated
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Figure 5. Representative persistence time distributions and interaction dynamics of side-chain contacts.

A. Probability density distributions of lifetimes for selected amino-acid pairs. B. Distance time series for a representative Arg–
Asp salt bridge; shaded regions indicate bound states defined by a 4 Å donor–acceptor cutoff. C. Distance time series for a
representative Tyr–Phe π–π interaction; bound states are defined by a 5 Å center-of-mass cutoff between aromatic rings. D.
Distance time series for a representative Thr–Asp hydrogen bond; bound states are defined by a 3.5 Å donor–acceptor cutoff.
Representative snapshots corresponding to selected time points are shown above each time series.
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interactions, whereas Lys-based interactions show comparatively few out-liers. The scarcity of
long-lived Lys-mediated contacts is further evident from their low probability density at long
times (Fig. 5A     ).

Mean lifetimes (Fig. S2B     ) show no apparent correlation with unnormalised contact fre-quency
(Fig. S2C     ), whereas a moderately strong correlation is observed with abundance-normalised
contact frequency (Fig. S2D     ). Within this framework, Leu-Leu interactions emerge as among the
most persistent contacts in the MUT-16 FFR condensate. Although this trend is consistent with
their high abundance-normalized contact frequency (Fig. S2D     ), the relatively limited number of
binding events (102–103; Fig. S2A     ) suggests that the el-evated lifetimes may be partially
influenced by statistical sampling. Salt-bridge-like Arg-Asp and Arg-Glu interactions exhibit high
mean lifetimes that correlate strongly with their abundance-normalized contact frequencies (Fig.
S2D     ), consistent with the intrinsic stability of guanidinium-carboxylate salt bridges.
Furthermore, Pro-Pro and Pro-Tyr contacts ex-hibit mean lifetimes of approximately 70 ns and 60
ns, respectively (Fig. S2B     ). Despite the enrichment of Pro residues in MUT-16 FFR and the large
number of Pro-mediated contacts formed in the system (Fig. 4A     , Fig. S2C     ), abundance
normalisation reveals that Pro-based interactions occur less frequently than many other contact
types (Fig. 4A     , Fig. S2D     ). Many Pro-based interactions (Pro-Pro, Pro-Tyr,79 Pro-Leu, and Pro-
Phe) display relatively long lifetimes (Fig. S2B     , Fig. S2C     ), suggesting that these contacts may
nonetheless contribute to stabilising the MUT-16 condensate, consistent with previous studies
highlighting the role of Pro-mediated interactions in phase-separated systems.79 Finally, the
correlation analysis reveals that highly abundant residues in MUT-16 FFR, such as Gln and Asn,
engage in a large number of contacts (Fig. 4A     ; Fig. S2C     ), yet the vast majority of these
interactions are short-lived underscoring the distinction between contact abundance and
interaction stability.

To illustrate representative interaction dynamics (Fig. 5     ), we analyzed distance time series for
residue pairs capable of forming salt bridges (Arg878–Asp904), π–π stacking (Phe869-Tyr910), and
hydrogen bonds (Thr907–Glu902). Distance-based cutoffs were applied to define bound residue
pairs: 4 Å for pairs capable of forming salt bridges, 6 Å for pairs capable of engaging in π-π
stacking interactions, and 3.5 Å for pairs capable of forming hydrogen bonds. For the Arg–Asp
pair, the inter-residue distance initially remains large (∼ 20 Å), decreases gradually after ∼ 200 ns,
and forms the first contact between ∼ 400 and 500 ns, followed by repeated dissociation and
association events (Fig. 5B     ). After ∼ 600 ns, the interaction becomes more stable, exhibiting
reduced fluctuations, as stable interactions is formed as illustrated by the conformations in (Fig.
5B     ). By contrast, the Tyr–Phe pair begins at a shorter separation (∼ 10 Å) and forms a stable
contact around ∼ 350 ns (Fig. 5C     ), which persists for extended periods but with frequent
transient disruptions. Finally, the Thr–Glu interaction is highly dynamic and short-lived. The inter-
residue distance initially remains at ∼ 8 Å and exhibits transient hydrogen-bond formation
between approximately 400 and 700 ns before dissociating completely (Fig. 5D     ). Individual
contact events persist for only ∼ 5–10 ns, as illustrated in the zoomed-in region between 560 and
575 ns. Together, these examples indicate how a weak hydrogen bonding contact can be broken
very quickly and that some salt-bridge interactions and aromatic-mediated contacts can persist for
long-times in some cases, while the typical such contact is still very short lived (Fig. 4C      and Fig.
S3     ).

We conclude that most interactions are highly dynamic, particularly those involving the abundant
polar uncharged residues Asn and Gln. The contacts of aromatic side chains and charged residues
are also almost always short-lived, but a few rare contacts persist over extended durations. The
contact lifetimes do not correlate with the absolute frequency of contacts, as these are dominated
by weakly interacting but highly abundant residues, but with the contact frequency normalized by
residue-pair abundance.
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Fast dynamics of hydrogen-bonds, salt-bridges, cation–π, and π–π
stacking
To further characterize the interactions of different residues in MUT-16 FFR condensates we
followed specific noncovalent interactions within the condensate, including hydrogen bonds, salt
bridges, cation–π, and π–π stacking, by comparing unnormalized and abundance-normalized
contact frequency/fractions together with their corresponding lifetimes.

Analysis of hydrogen bonding interactions reveals that side chain-side chain contacts contribute
the largest number of hydrogen bonds within the MUT-16 FFR condensate, fol-lowed by backbone-
backbone interactions, with backbone-side chain interactions contribut-ing the fewest (Fig.
S5A     ). We further investigated the side chain-side chain hydrogen bonds. Residue-abundance
normalized contact maps reveal Arg–Glu interactions as the most preva-lent, followed closely by
Arg–Asp, consistent with favorable hydrogen bonding between guani-dinium and carboxylate
functional groups (Figure 6A     ). By contrast, the unnormalized con-tact maps show a significantly
higher frequency of Arg–Asp interactions relative to Arg–Glu (Figure S5B     ), reflecting the
underlying sequence composition. Normalization also highlights a significant contribution from
Lys interactions with negatively charged residues (Figure 6A     ), which are largely obscured in the
unnormalized analysis (Figure S5B     ). In addition, the un-normalized contact maps indicate a
high prevalence of hydrogen bonds between Asn and Gln (Figure S5B     ), consistent with their
high abundance in the sequence; a representative Asn–Gln hydrogen bond is shown in Figure
S5C     . Polar residues such as Ser also contribute appreciably to the hydrogen-bond network in
both unnormalized and abundance-normalized contact maps.

Lifetime analysis of hydrogen bond contacts closely mirrors the trends observed in the
abundance-normalized contact maps. Arg–Glu and Arg–Asp interactions exhibit the longest
lifetimes, with mean lifetimes of approximately ∼ 5 ns (Figure 6B     ). Notably, hydrogen bonds
formed between acidic residues (Glu or Asp) and hydroxyl-containing residues such as Thr, Ser,
and Tyr are more persistent than those involving Lys–Glu or Lys–Asp pairs, despite the latter being
capable of forming salt bridges. This behavior likely reflects the greater directionality and
geometric specificity of hydroxyl-mediated hydrogen bonding compared to the more flexible
ammonium–carboxylate interactions of Lys. Interactions involving Gln and Asn also contribute to
the hydrogen-bond network, consistent with their pronounced enrichment in the MUT-16 FFR
sequence (Figure 2C     ); however, these contacts are generally weaker and more transient than
the salt-bridge-associated hydrogen bonds (Figure 6B     ).

We further analyzed salt-bridge interactions by quantifying contact fractions using both
unnormalized and abundance-normalized metrics and comparing these trends with the cor-
responding lifetime distributions. In the abundance-normalized analysis, the ranking of salt-
bridge contact fractions (Arg–Glu > Arg–Asp > Lys–Glu > Lys–Asp; Figure 6C     ) closely mirrors that
observed for normalized hydrogen-bond contacts. By contrast, the unnormal-ized analysis reveals
a significantly different pattern, with Arg–Asp contacts occurring at more than twice the
frequency of Arg–Glu contacts, which in turn exceed Lys-based inter-actions by more than a factor
of two (Figure S5D     ), reflecting contributions beyond sequence abundance alone, given that Asp
is not twice as abundant as Glu. Persistence-time analysis reveals comparable median lifetimes
across all salt bridges (∼ 1 ns); however, Arg-mediated interactions exhibit broader interquartile
ranges and higher mean lifetimes (∼ 10 ns) than Lys-based contacts (∼ 5 ns). Notably, Arg forms
some long-lived, salt bridges with lifetimes beyond 10 ns or even 100 ns, with some salt-bridges
persisting for almost the entire duration of the trajectory (Figure 6D     ). Such long-lived events,
with peristence times beyond 100 ns are rarely observed for Lys. Lys-Asp and Lys-Glu interactions
display similar medians, interquartile ranges, and mean lifetimes.

Analysis of cation-π interactions shows that Arg-mediated contacts are consistently more
prevalent than Lys-mediated contacts in both unnormalized (Figure S5E     ) and abundance-
normalized (Figure 6E     ) contact fractions. This difference is consistent with the ability of the
guanidinium group of Arg to engage in multivalent interactions with aromatic residues, com-
bining cation-π interactions, hydrogen bonding, and sp2-π interactions, capabilities that are absent
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Figure 6. Distinct noncovalent interaction modes and their persistence in the MUT-16 FFR condensate.

A,B. Hydrogen-bond interactions in the MUT-16 FFR condensate: (A) heatmap of contact frequencies and (B) mean lifetimes.
C,D. Salt-bridge interactions: (C) fraction of residue-residue contacts forming salt bridges, indicating the proportion of all salt
bridges in the system contributed by each residue pair; and (D) box-and-whisker distri-butions of salt-bridge lifetimes. E,F.
Cation–π interactions: (E) fraction of contacts and (F) persistence-time distributions. G,H. π–π stacking interactions: (G)
fraction of residue-residue contacts, indicating the contribution of each residue pair and (H) persistence-time distributions.
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for the aliphatic ammonium group of Lys.35,39,83–86 Lifetime analysis reveals that all cation-π
interactions are short-lived, with subnanosecond median lifetimes. Mean lifetimes are ∼ 3 ns for
Arg-Tyr and ∼ 2 ns for Arg-Phe (Figure 6F     ). Although Lys-Tyr interactions display interquartile
ranges and mean values comparable to Arg-Tyr and Arg-Phe, they exhibit markedly fewer long-
lived outliers, whereas Arg-mediated interactions populate the upper tail of the distribution with
rare events extending to ∼ 100 ns. In contrast, Lys-Phe interactions show a substantially narrower
interquartile range and lack outliers beyond ∼ 10 ns. Interestingly, cation-π interactions formed by
both Arg and Lys are significantly less persistent than the corresponding salt-bridge interactions,
underscoring their more transient contribution to condensate stabilization.

Finally, we examined π–π stacking interactions. In the unnormalised contact fractions, Tyr-Tyr
interactions are most prevalent, followed by Tyr-Phe and Phe-Phe (Figure S5E     ), reflecting the
higher abundance of Tyr in the MUT-16 FFR sequence. Upon abundance normalisation, this trend
no longer holds, as Tyr–Phe interactions are significantly stronger than Tyr–Tyr and Phe–Phe
interactions (Figure 6G     ). Lifetime analysis shows that bona fide π–π stacking interactions are
highly transient, with median lifetimes below 1 ns and narrow interquartile ranges (Figure 6H     ).
In contrast, when aromatic interactions are defined using distance-only criteria without angular
constraints, the median persistence time increases to approximately 10 ns (Figure 4C     ). To
examine the role of angular constraints more closely, we analyzed a representative Tyr-Phe pair
that appears to maintain prolonged contact based on distance alone (Fig. S6     ). However,
applying angular constraints reveals that true π–π stacking occurs only rarely, with the interaction
frequently fluctuating between bound and unbound states. Together, these observations
underscore the importance of geometric align-ment in defining π–π stacking interactions27 and
show that proximity alone may substantially overestimate their persistence.

Overall, different non-covalent interactions give rise to short-lived contacts in the MUT-16
condensates. Some longer-lived interactions are found, for instance, for Arg-mediated salt-bridge
and cation-π interactions (Movie S1     ), as well as Tyr-mediated cation-π and π–π stacking
interactions.

Na+ ions associate with and bridge negatively charged residues to
regulate MUT-16 FFR dynamics
Ions such as Na+ and Cl− play a critical role in modulating biomolecular phase separation by
screening electrostatic interactions and mediating residue–residue contacts. The dense phase of
MUT-16 is somewhat depleted in Na+ and mostly devoid of Cl− ions compared to the aqueous
phase (Fig. S7     ). The concentration profile of Na+ tracks the concentration profile of the acidic
residues, which suggest that negatively charged side chains are interacting with Na+. To better
understand the interactions of ions with the MUT-16 FFR condensate, we quantified the average
number of Na+ and Cl− ions interacting with each amino acid (Fig. 7     ). We next analyzed the
lifetimes of ion–side-chain interactions to assess the stability and lifetime of these associations (Fig.
8     ). Finally, we investigated the role of counter-ions in mediating bridging interactions between
pairs of similarly charged residues (Fig. 8     ), such as Glu-Glu or Arg-Arg, that would otherwise
experience electrostatic repulsion and interact only weakly in the absence of ions. Ion-residue
interactions were quantified using distance cutoffs of 4 Å for Na+ and 5 Å for Cl− (Fig. 7     ). These
cutoff values were chosen with reference to the reported positions of the first and second
hydration shells of the respective ions,76 selecting intermediate distances to avoid being overly
restrictive or overly permissive in defining ionresidue contacts. Interaction counts were averaged
over 10 independent replicas, and the standard error of the mean was estimated from the replica-
level averages.

Na+ ions exhibit strong and preferential interactions with negatively charged residues within the
MUT-16 FFR condensate. Among these, Glu displays the highest affinity, inter-acting with
approximately ∼ 2 Na+ ions per residue on average (Fig. 7A     ), followed by Asp, which
coordinates roughly ∼ 1.5 Na+ ions per residue. Carboxylate side chains are known to bind
multiple Na+ ions by bridging them through oxygen atoms, forming bidentate coordina-tion motifs
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Figure 7. Residue-resolved ion interactions within the phase-separated MUT-16 FFR con-densate.

(A,B) Average number of Na+ ions interacting with amino-acid side chains (A) and backbones (B), highlighting preferential
association of sodium with negatively charged and polar residues. (C,D) Average number of Cl− ions interacting with amino-
acid side chains (C) and backbones (D), showing substantially weaker interactions relative to Na+. Ion–residue interactions
were defined using distance cutoffs of 4 Å for Na+ and 5 Å for Cl−. Values represent averages over 10 independent replicas,
with error bars indicating the stan-dard error of the mean.
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Figure 8. Ion-mediated interactions within the MUT-16 FFR condensate.

(A) Box-and-whisker plots showing the lifetimes of ion–residue side-chain interactions. Distributions for Na+ interactions are
shown in the upper panel (blue), whereas distributions for Cl− interac-tions are shown in the lower panel (red). (B) Frequency
of ion-bridged interactions between similarly charged residue pairs, normalized by amino-acid pair abundance. (C) Represen-
tative snapshots illustrating Cl−- and Na+-mediated bridging interactions between Arg–Arg and Glu–Asp side chains,
respectively.
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or “chelate rings”, as has been established in investigations of physical chemistry of interactions of
acidic side chains and cations.33 Glu in the MUT-16 FFR condensate ex-hibits a higher propensity
to engage in bidentate coordination with Na+ compared to Asp. While Glu dominates in side-chain-
mediated interactions, backbone association with Na+ is more pronounced for Asp, with an
average of ∼ 0.3 ions per residue compared to ∼ 0.2 for Glu (Fig. 7B     ). This trend is consistent
with prior work on the interactions of Asp and Glu, showing that the shorter side chain of Asp
confines carboxylate groups to a smaller effective volume, thereby increasing local charge density
and drawing counter ions closer to the back-bone region.32 Consistent with this mechanism, we
observe instances in which a single Na+ ion bridges interactions between the Asp side chain and
backbone; a representative example is shown in Fig. S9A     .

Several neutral and polar residues exhibit moderate Na+ association, with Asn and Thr each
interacting with approximately ∼ 0.5 Na+ ions per residue on average (Fig. 7A     ), likely mediated
by coordination to side-chain carbonyl or hydroxyl oxygen atoms. Notably, Thr exhibits the highest
level of backbone-associated Na+ interactions (Fig. 7B     ). This behavior likely arises from
cooperative coordination involving backbone carbonyl oxygens in proximity to the polar side
chain, as observed in the simulations (Fig. S9B     ). As a result, the total Na+ association of Thr (bb +
sc) ranks third overall, following Glu and Asp, and exceeds that of Asn (Fig. S8A     ). Interestingly,
Lys also shows appreciable Na+ association (∼ 0.5 ions per residue) despite its positive charge,
likely arising from indirect interactions mediated by local electrostatic environments and nearby
counter-ions, as observed in the simulations (Fig. S9C     ).

By contrast, interactions with Cl− ions are markedly weaker overall. Lys is the most strongly
interacting residue, averaging ∼ 0.22 Cl− ions, albeit with a large statistical uncertainty , followed
by Arg with fewer than 0.1 Cl− ions on average (Fig. 7B     ). The relatively low level of Cl−

association is likely due to the overall negative charge of the condensate (net charge of −4 per
chain, corresponding to an NCPR of −0.023 per sequence), which sums to −260 for 65 chains. This
net negative charge disfavors the accumulation of negatively charged ions while promoting the
enrichment of Na+ (Fig. S7     ). Backbone-resolved analysis indicates that Val, Cys, and Gly
backbones recruit the largest number of Cl− ions (Fig. 7B     ). These residues possess small or
nonpolar side chains that leave the backbone more solvent-exposed, facilitating weak electrostatic
and hydrogen-bond-like interactions between Cl− ions and the partially positive backbone amide
NH groups.31

We next analyzed the lifetimes of ion–residue side-chain interactions, as showing with a box-and-
whisker plot in Figure 8A     . Na+ interactions display broader lifetime distributions than Cl−, with
median lifetimes of ∼ 1 ns compared to subnanosecond medians for Cl−. Consistent with their
strong electrostatic affinity, Asp and Glu exhibit the highest mean Na+ lifetimes (∼ 10 ns), and Na+

interactions with Asp, Glu, Asn, and Gln feature rare, trajectory-spanning outliers. In contrast, Cl−

interactions are generally shorter lived. Among basic residues, Arg shows the longest-lived Cl−

associations, with outliers extending to ∼ 80 ns, whereas Lys–Cl− interactions exhibit substantially
shorter upper tails, with outliers limited to ∼ 30 ns. These trends indicate that ion-specific
chemistry and side-chain functionality strongly modulate both the stability and lifetime
heterogeneity of ion–residue contacts within the condensate.

We further investigated whether counter-ions mediate bridging interactions between pairs of
similarly charged residues within the condensate (Figure. 8C     ). To this end, we quantified the
total number of ion-bridged residue–residue interactions, normalized by the abundance of each
residue pair (Fig. 8B     ). We find that Na+-mediated bridging between negatively charged residues
is substantially more prevalent than Cl−-mediated bridging between pos-itively charged residues,
likely reflecting the limited presence of Cl− ions within the negatively charged MUT-16 FFR
condensate (Fig. S7     ). Among Na+-mediated bridges, Asp–Glu interactions occur more frequently
than either Asp–Asp or Glu–Glu interactions. Although Glu–Glu and Asp–Asp bridges occur with
similar median frequencies, Glu–Glu interactions exhibit a broader interquartile range (Q1–Q3)
and a larger upper quartile range, along with a greater number of outliers, indicating more
heterogeneous and occasionally long-lived bridg-ing events. As illustrative examples, we analyzed
the contact lifetimes of Asp–Na+–Asp and Glu–Na+–Glu interaction motifs (Fig. S9D     ). In the Asp–
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Na+–Asp case, two Asp residues remain in close proximity and collectively recruit a Na+ ion, which
remains associated over an extended portion of the trajectory. In contrast, for the Glu–Na+–Glu
motif, both Glu residues initially bind the same Na+ ion from ∼100 to 250 ns, forming a bridging
interaction. After both contacts dissociate, one Glu (blue) transiently binds the ion, followed by the
second Glu (orange) from ∼400 to 800 ns. Upon dissociation, the first Glu rebinds, resulting in a
sequential exchange of coordination rather than simultaneous binding. Such sequential
coordination is in line with a dynamic reshuffling of contacts within condensates.20,43

Furthermore, we identified an ion-mediated interaction network involving two Asp residues
bridged by two Na+ ions that remain in persistent contact throughout the trajectory (Fig S10     ,
Movie S3     ). In this configuration, a third Na+ ion engages only transiently with an additional
side-chain carboxylate oxygen. This network highlights the distinctive coordination chemistry of
Asp residues, which can simultaneously stabilize interactions through both backbone and side-
chain carboxylate groups, enabling multivalent and dynamic ion-mediated contacts within the
condensate. Finally, we observed Cl−-mediated bridging is largely suppressed. No significant Lys–
Lys bridging is observed, likely due to the relatively low abundance of Lys residues in the system
(Fig. 8B     ). Arg–Arg bridging is detectable but minimal, whereas Arg–Lys pairs show sporadic
bridging events reflected as outliers in the distribution.

We conclude that Na+ is not only more abundant but also forms more frequent and longer-lived
associations with residue side chains compared to Cl−, highlighting its dominant role in residue-
ion interactions in the MUT-16 FFR condensate.

Water bridges mediate interactions between polar uncharged
residues
We next examined the presence, coordination, and role of water in the dynamics of the MUT-16
FFR condensate. Average density profiles were computed from 10 independent replicas, with
uncertainty represented by shaded regions. The relatively small errors indicate that, although the
condensate is dynamic, its overall density profile remains stable over the timescales sampled.

The MUT-16 FFR condensate is highly solvated (Fig. 9A     ), with the water density decreasing from
bulk values of approximately ∼ 1000 mg/mL to ∼ 500 mg/mL within the condensate interior. This
level of hydration is consistent with previous atomistic studies of protein condensates reported by
Zheng et al.19 In contrast, the protein density within the MUT-16 condensate (∼ 800 mg/mL) is
substantially higher than that reported for FUS condensates (∼ 500 mg/mL), highlighting
differences in sequence composition and the force-field framework used prior to backmapping.
The water density within the condensate is comparable to the density of polar residues, which is
approximately ∼ 400 mg/mL. Density profiles of positively and negatively charged residues largely
overlap, indicating similar spatial distributions. Notably, charged residues are preferentially
localized within the condensate interior rather than at the interface with the surrounding aqueous
phase. Polar residues also ex-hibit reduced density at the interface but display a more uniform
distribution between the interface and the condensate bulk compared to charged residues. The
condensate is further enriched in basic residues, with an average density of approximately ∼ 100
mg/mL, which likely contributes to the accumulation of Na+ ions within the condensate compared
to Cl− (Fig. S7     ). Across acidic, basic, and polar residue classes, the density profiles exhibit a com-
mon qualitative trend: a depletion at the interface, followed by a modest increase just inside the
condensate, and a gradual decrease toward the condensate core.

We further analyzed the average number of water molecules interacting with each residue,
distinguishing between side-chain and backbone contributions and between the condensate
interior and the condensate–solvent interface (Fig. 9B     ). Overall, backbone-associated water
interactions are consistently lower than side-chain-associated interactions across all residue types,
and backbone hydration levels are relatively uniform, as expected given the chemical similarity of
peptide backbones. Backbone hydration changes minimally between the condensate interior and
interface; however, all amino acid backbones are slightly more solvated at the interface, with an
average increase of ∼ 0.14 water molecules compared to the interior. Among all residues, Lys and
Arg exhibit the highest degree of side chain hydration, interacting on average with approximately
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Figure 9. Interactions of water molecules within the MUT-16 FFR condensate.

A. Density profiles of protein, water, and acidic, basic, and polar residues, averaged over ten independent simulation replicas.
Condensate interface indicated by the shaded areas. B. Water–amino acid contacts in the condensate interior and at the
condensate–solvent interface. C. Total number of water-bridged contacts among basic, acidic, and polar residue pairs. D.
Water-bridged contact frequencies normalized by residue-pair abundance.
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five water molecules per residue in the condensate interior and about six water molecules at the
interface. These interactions are followed in magnitude by Glu, Gln, and Tyr. Notably, several
aromatic and aliphatic residues, including Phe, Val, Ile, and Leu, also display a moderate level of
water association. Collectively, the average number of water contacts strongly correlates with side-
chain volume in both the condensate interior (r = 0.88) and at the interface (r = 0.90) (Fig. S11     ).
Notably, Lys and Arg exhibit higher hydration levels than expected based on this correlation,
whereas Met and Gln are less hydrated than predicted by their side-chain volume, particularly
within the condensate interior (Fig. S11     ). These observations suggest that residue hydration
within the condensate is influenced not only by side-chain polarity but also by side-chain size and
sol-vent accessibility, with larger side chains presenting greater surface area for transient water
interactions.

We next analyzed the role of water in mediating bridging interactions between similarly charged
residues, focusing on basic (Lys–Lys and Arg–Arg) and acidic (Asp–Asp and Glu–Glu) residue pairs
that are otherwise unlikely to interact directly due to electrostatic repulsion. Both unnormalized
and abundance-normalized water-bridged contact frequencies were evaluated (Fig. 9C,D     ).
Among basic residue pairs, unnormalized water-mediated Arg–Arg interactions are more frequent
than Lys–Lys interactions (Fig. 9C     ), which is consis-tent with the higher abundance of Arg
residues in the system. After normalization by residue-pair abundance, however, Lys–Lys
interactions exceed Arg–Arg interactions (Fig. 9D     ). Given that Lys–Lys interactions are rarely
bridged by Cl− ions (Fig. 8C     ), water molecules likely play a dominant role in mediating
interactions between Lys residues. Such close proximity of two positive charge residues is likely
made possible, at least in part, by the many negatively charged groups in the condensate (Fig.
9A     ). For acidic residue pairs, unnormalized Asp–Asp interactions are more frequently water-
bridged than Glu–Glu interactions, reflecting the ap-proximately 2.5-fold higher abundance of Asp
relative to Glu in the sequence. In contrast, normalized contact frequencies reveal that Glu–Glu
interactions are approximately threefold more likely to be bridged by water than Asp–Asp
interactions, indicating a stronger intrinsic propensity of Glu residues to engage in water-
mediated interactions.

We further examined water-mediated bridging interactions among polar amino acids, including
Ser, Thr, Asn, Gln, Tyr, and His, which can interact directly but may also associate via intervening
water molecules (Fig. 8C,D     ). In the unnormalized analysis, water-bridged interactions are most
frequent for Asn–Asn and Gln–Gln pairs, consistent with the high abundance of these residues in
the system. These are followed by Ser–Ser, His–His, and Tyr–Tyr interactions, while Thr–Thr
interactions are least frequent. After normalization by residue-pair abundance, however, Thr–Thr
interactions emerge as the most prominent water-bridged contacts (Fig. 8D     ), despite Thr
exhibiting lower average hydration compared to Gln, Asn, Tyr, and His (Fig. 8B     ). This
observation suggests that Thr residues possess a higher intrinsic propensity for forming water-
mediated interactions, likely reflecting favorable geometric arrangement of backbone and side-
chain polar groups rather than overall hydration alone.

Discussion
In this study, we have investigated the dynamics of contacts within the phase-separated MUT-16
condensate at atomic resolution. Important experimental advances have revealed key drivers of
protein phase separation,2,3,5,21,80,87 and high-resolution experiments have be-gun to uncover the
dynamics of interactions within condensates at the molecular scale.17,18,20,22,43 Atomistic
molecular dynamics simulations have been widely used to dissect the molecular drivers and non-
covalent interactions underlying protein phase separation.8,19,22,26,29,38 Atomistic studies have
highlighted different non-covalent interactions,19,26,38 as well as the critical role of interaction
lifetimes in condensate dynamics.20,43 To better understand the dynamics of protein condensates
in a biologically relevant context, we investigated MUT-16 condensates, which serve as essential
scaffolds of Mutator foci in C. elegans, where they are required for small RNA processing and
transposon repression.54 With additional experiments, we fur-ther linked phase behavior in vivo
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and in vitro. Using atomistic molecular dynamics simulations, we elucidated interaction
propensities and the dynamics of non-covalent interactions, and also examined the interactions of
ions and water in phase-separated condensates.

We observed that the most abundant contacts are relatively weak and short-lived, with median
lifetimes on the nanosecond timescale, centred around a median of 9.8 ns. Galvanetto et al.
recently linked the fast dynamics of non-covalent interactions, and what they term dynamic re-
shuffling of contacts, to the mesoscopic properties of condensates.43 Our results show similarly
fast dynamics and are consistent with their findings and conclusions, despite slight
methodological differences. The mean values in our analysis are likely somewhat overestimated,
as we did not resolve extremely short-lived events (≤ 100 ps) and instead considered trajectory-
spanning contacts in the statistics, unlike Galvanetto.20,43

We provide a novel and comprehensive characterization of the contact dynamics of different
amino acids within a condensate. In general, contacts may be frequent and contribute to
condensation, yet appear weak when normalized for residue pair abundance.38 Conversely,
contacts that are prominent in normalized contact maps, although potentially strong, may be rare
due to low residue abundance. Overall, we find that the lifetimes of residue-residue contacts
correlates with the normalized interaction propensity, but not the unnormalized interaction
propensity (Fig S2     ). For instance Gln and Asn contacts are very prominent in absolute terms, but
these contacts have persistence times on the nanosecond time scale. By contrast Tyr-Tyr
interactions are less common in absolute terms, but frequent when accounting for the numbers of
Tyr residues. These interactions are also much longer lived, with mean and median life times of ∼
65 ns and ∼ 10 ns. Interestingly, some Tyr-Tyr contacts stay close for almost the entire duration of
the 1 µs molecular dynamics trajectories (Fig. 5C     ). Within this trajectory segment, contact
samples conformations are typical for a π-π interaction. These contacts are relatively short-lived
compared to the long times residues stay in contact (Fig S6     ). In this context, it is interesting to
note that π-π interactions are sometimes described very accurately by molecular dynamics
simulations34 and thus the rapid switching of the ring conformation may reflect the true dynamics
of such interactions.

Our molecular dynamics simulations also provide insight into weak contacts, which play an
important role in protein phase separation,22,87 as well as into protein–water interactions within
condensates.88,89 Short-lived Asn and Gln contacts primarily involve hydrogen bonds (Fig. 6     ).
Their side chains are well solvated and form a comparable number of contacts with water
molecules as Asp and Glu, respectively. Water molecules are sometimes observed to bridge
between Asn-Asn and Gln-Gln side chains. For instance, Thr-Thr contacts are relatively rare, both
in terms of absolute contact counts and when normalized by residue abundance. Thr is
comparatively highly solvated, and Thr-Thr interactions are often mediated by bridging water
molecules. Interestingly, Thr-Thr is the polar residue pair that exhibits the highest number of such
bridging water molecules upon abundance-normalisation(Fig. 9D     ). Overall, the number of
water contacts a side chain forms in the condensate depends strongly on its volume, suggesting
that side chains do not remain in a single fixed conformation for extended periods (Fig. S11     ),
neither in the condensate interior nor at the interface. In this context, it is noteworthy that Schäfer
and colleagues recently showed that side-chain dynamics are not significantly slowed in
condensates.30

Unlike FUS LCD condensates, where polar and aromatic contacts dominate, MUT-16 FFR exhibits
additional interaction modes. Pro is enriched in the sequence compared to FUS LCD, and in our
simulations, Pro interacts with Tyr and Phe, with these interactions being relatively long-lived,
showing mean lifetimes on the 50-70 ns timescale. Tyr-Pro interactions have been identified as
important contacts in protein condensates.79 Extensive salt-bridges between Asp and Glu with Arg
and Lys, as well as with counterions, distinguish MUT-16 FFR from FUS LCD. This behavior is
consistent with prior simulations of the disordered N-terminal RGG domain of LAF-1.19

Interactions between residue side chains and ions have also been identified in condensates of
highly charged proteins.20 In MUT-16 FFR, most ion contacts are transient, although a subset
persists for hundreds of nanoseconds. We also observe dynamic reshuffling, where a Glu-Na+
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contact is replaced by a new Glu-Na+ interaction via a transient bridging state (Fig. S9D     ).
Interestingly, Na+ binds both Asp side chains and the backbone, and can bridge side-chain and
backbone carbonyl groups of Asn and Thr, stabilizing these contacts via electrostatic coordination.

In vitro phase separation experiments show that MUT-16 FFR condensates dissolve at high
temperatures and follow UCST behavior (Fig. 3     ). This observation further suggests MUT-16
phase separation underpins the formation of Mutator foci in C. elegans, considering that Mutator
foci dissolve at high temperature. Because MUT-16 fails to phase separate without FFR, the cation–
π, π stacking, and salt-bridge interactions that drive MUT-16 FFR condensation likely also govern
full length MUT-16 condensate formation in vivo 51 and in vitro.39 In full length MUT-16, charged
contacts are likely even more important. Residues 633-772 are enriched in Arg and Lys and
mediate recruitment of MUT-8 and consequently MUT-7, an exoribonuclease essential for 22G RNA
processing.39,54 Since, the net charge per residue (NCPR) is similar in MUT-16 full length (−0.022)
and MUT-16 FFR (−0.023),90 we expect that Na+ ions to bridge between negatively charged groups
of full-length MUT-16 too. Finally, the approach outlined here enables exploration of whether
relationships between contact prevalence, propensity, and lifetimes generalize across diverse
sequences, including human IDRs. To overcome the computational cost of residue-resolved
analyses, we imple-mented a parallelized, unified pipeline for efficient and reproducible
quantification of contact frequencies and lifetimes.
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Supplementary information
Human IDRs Similar to MUT-16 FFR Based on EBAmin and Se-quence

Composition
Human IDRs were ranked by EBAmin and RMSE to identify sequences most similar to the MUT-16
FFR. EIF2D_HUMAN (UniProt: P41214) ranked highest by EBAmin, while CDK19_HUMAN (UniProt:
Q9BWU1) was the closest match by RMSE (Fig. S1     ). Both IDRs lack Trp, consistent with MUT-16
FFR and FUS LCD. Whereas EIF2D_HUMAN de-viates in the abundance of several residues (notably
Ile, Lys, Leu, and Glu), CDK19_HUMAN closely matches the overall sequence composition of MUT-
16 FFR, including similar levels of charged residues (Arg, Lys, Glu, and Asp).

Pair-specific analysis of Glu-Arg and Asp-Arg contacts
To better understand how the dynamics of Glu-Arg and Asp-Arg contacts, and whether Asp-Arg
interactions really tend to be longer lived than Glu-Arg interactions (Fig S2D     ), we have looked at
specific residue pairs. This gives an even more detailed view of the contact dynamics than the
grouping of contacts by pair-wise residue types (Eq. 1     ). In this residue-specific analysis, we still
group together contacts across different copies of the protein chain, averaging across the 65 copies
of MUT-16 FFR in our simulations, and we average across the ten simulation trajectories. In the
analysis of the contacts and the dynamics of IDRs one often averages across protein chains to
understand contacts19,38 and dynamics18,43 on per-residue basis. For instance, Galvanetto have
computed per-residue mean-square displacements.43

Overall, we see hundreds of events even for specific Arg-Glu and Arg-Asp pairs (Fig.9. D,G     ), with
just a single Glu-Arg pair for which we observed less than a hundred events. Looking at the
individual Glu-Arg and pairs we see that contacts are have median lifetimes ranging from 9.3 ns to
28.2 ns and mean lifetimes from 43.5 ns to 123.5 ns. The Asp-Arg interactions are longer lived with
median lifetimes 10.8 ns to 45.0 ns and mean lifetimes 54.3 ns to 197.3 ns. For the longest-lived Glu-
Arg pair, Glu 869-Arg 875, we observed 240 contact events, with a median and mean lifetime of
28.2 and 123.5 ns, respectively. For the longest-lived Asp-Arg pair, Asp 917-Arg 904, we detected
121 contact events, with median and mean lifetime of 45.0 ns and 197.3 ns, respectively. For this
Asp-Arg pair, approximately 15% of the events have durations of almost 800 ns. The long-lived
Glu-Arg pair: the fraction of events that are almost trajectory-spanning was closer to 10%. The
contact statistics of these two pairs are consistent with the notion that Glu-Arg pairs form more
frequently than Asp-Arg pairs, due to their more extended side chains, but also dissociate more
readily due to their longer side chain.
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Table S1. Cutoff parameters used for interaction and persistence analyses.

Biochemistry and Chemical Biology | Computational and Systems Biology

https://doi.org/10.7554/eLife.111559.1
https://elifesciences.org/?utm_source=pdf&utm_medium=article-pdf&utm_campaign=PDF_tracking
https://elifesciences.org/subjects/biochemistry-chemical-biology
https://elifesciences.org/subjects/computational-systems-biology


Gaurav, Baltz et al., 2026 eLife 15:RP111559.  https://doi.org/10.7554/eLife.111559.1 30 of 55

Figure S1. Residue abundance profiles of the MUT-16 FFR (blue) and the FUS LCD (or-ange). For comparison,
residue abundances of representative human IDRs identified as most similar to the MUT-16 FFR based on
embedding-based alignment (EBA) similarity (purple) and root-mean-square error (RMSE) (green) are overlaid as
scatter points.

Biochemistry and Chemical Biology | Computational and Systems Biology

https://doi.org/10.7554/eLife.111559.1
https://elifesciences.org/?utm_source=pdf&utm_medium=article-pdf&utm_campaign=PDF_tracking
https://elifesciences.org/subjects/biochemistry-chemical-biology
https://elifesciences.org/subjects/computational-systems-biology


Gaurav, Baltz et al., 2026 eLife 15:RP111559.  https://doi.org/10.7554/eLife.111559.1 31 of 55

Figure S2. Relationship between contact frequency, persistence, and residue abundance in the MUT-16 FFR
condensate.

A. Heat map showing the total number of binding events observed for each residue-residue pair that were included in the
statistical analysis of contact distributions and mean lifetimes. The color scale represents the number of events on a
logarithmic scale. B. Heat map of the mean lifetimes of side-chain-mediated interactions, highlighting the relative stability
and typical lifetimes of residue-residue contacts within the condensate. C. Correlation between unnormalised contact
frequency and mean persistence time, illustrating how frequently formed contacts relate to their temporal stability. D.
Correlation between abundance-normalised contact frequency and mean persistence time, isolating intrinsic interaction
stability from effects arising due to residue abundance.
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Figure S3. Heat map showing the median lifetimes of side-chain-mediated interactions, em-phasizing the
typical (central) persistence of residue–residue contacts within the condensate.

By focusing on the median rather than the mean, the map captures the representative inter-action timescales while
minimizing the influence of rare, long-lived events, thereby providing a robust measure of relative interaction stability across
residue pairs.

Biochemistry and Chemical Biology | Computational and Systems Biology

https://doi.org/10.7554/eLife.111559.1
https://elifesciences.org/?utm_source=pdf&utm_medium=article-pdf&utm_campaign=PDF_tracking
https://elifesciences.org/subjects/biochemistry-chemical-biology
https://elifesciences.org/subjects/computational-systems-biology


Gaurav, Baltz et al., 2026 eLife 15:RP111559.  https://doi.org/10.7554/eLife.111559.1 33 of 55

Figure S4.
A. Cumulative lifetime distribution for Arg 875-Glu 869 and Arg 904 and Asp 917, illustrating the overall distribution of contact
persistence. B. Median lifetimes of individual Arg-Glu residue pairs in the MUT-16 FFR sequence, highlighting the typical
interaction timescales. C. Mean lifetimes of specific Arg-Glu residue pairs, reflecting the influence of longer-lived interactions.
D. Number of binding events observed for Arg-Glu pairs in the MUT-16 FFR sequence, indicating interaction frequency. E.
Median lifetimes of Arg-Asp residue pairs, providing a robust measure of typical contact stability. F. Mean lifetimes of specific
Arg-Asp residue pairs, capturing contributions from long-lived contacts. G. Number of binding events for Arg-Asp pairs in the
MUT-16 FFR sequence, reflecting the occurrence of these interactions across the trajectory.

Biochemistry and Chemical Biology | Computational and Systems Biology

https://doi.org/10.7554/eLife.111559.1
https://elifesciences.org/?utm_source=pdf&utm_medium=article-pdf&utm_campaign=PDF_tracking
https://elifesciences.org/subjects/biochemistry-chemical-biology
https://elifesciences.org/subjects/computational-systems-biology


Gaurav, Baltz et al., 2026 eLife 15:RP111559.  https://doi.org/10.7554/eLife.111559.1 34 of 55

Figure S5. Prevalence of distinct noncovalent interaction types in the MUT-16 FFR conden-sate.
A. Average number of hydrogen bonds formed between backbone-backbone (BB:BB), backbone-side chain (BB:SC), and side
chain-side chain (SC:SC) contacts in the MUT-16 FFR condensate. Values are averaged over all simulation frames and across
10 independent replica trajectories, with error bars representing the standard error of the mean. B. Heat map of
unnormalised contact frequencies for residue pairs capable of forming hydrogen bonds, reflecting the overall prevalence of
hydrogen-bonded interactions. C. Representative snap-shot of a hydrogen bond formed between Asn and Gln residues,
illustrating a typical polar side-chain interaction observed in the condensate. D. Bar graph showing the unnormalised fraction
of contacts for residue pairs that form salt bridges, highlighting electrostatically driven interactions. E. Bar graph showing the
unnormalised fraction of contacts for residue pairs that form cation–π interactions. F. Bar graph showing the unnormalised
fraction of contacts for residue pairs that form π–π stacking interactions, emphasising the contribution of aromatic
interactions to condensate organisation.

Figure S6. Representative lifetime of a π-π stacking interaction between Tyr and Phe residues, showing
transitions between bound (pink) and unbound (black) states.

Binding is identified using two criteria: a distance-only cutoff and a combined distance-and-angular cutoff, demonstrating
how the inclusion of orientational constraints refines the detection of stacked configurations.

Biochemistry and Chemical Biology | Computational and Systems Biology

https://doi.org/10.7554/eLife.111559.1
https://elifesciences.org/?utm_source=pdf&utm_medium=article-pdf&utm_campaign=PDF_tracking
https://elifesciences.org/subjects/biochemistry-chemical-biology
https://elifesciences.org/subjects/computational-systems-biology


Gaurav, Baltz et al., 2026 eLife 15:RP111559.  https://doi.org/10.7554/eLife.111559.1 35 of 55

Figure S7. Density profiles of Na+ and Cl− ions compared with acidic and basic residues along the
condensate slab normal.

Figure S8. Residue-resolved ion association within the MUT-16 FFR condensate.

A. Average number of Na+ ions interacting with all atoms of each residue (backbone + side chain). B. Average number of Cl−

ions interacting with all atoms of each residue (backbone + side chain).
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Figure S9. Representative ion-mediated interaction motifs observed in the MUT-16 FFR condensate.

(A) Na+-mediated bridging interaction between the side chain and backbone of an Asp residue. (B) Na+-mediated bidentate
interaction involving both the side chain and backbone of a Thr residue. (C) Interaction between Lys residues and Na+

facilitated by a bridging Cl− ion. (D) Time series depicting representative Asp–Na+–Asp and Glu–Na+–Glu bridging
interactions. Distances are measured between the negatively charged oxygen atoms of Asp and Glu side chains and the Na+

ion.
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Figure S10. Visual representation and time series of multiple Na+-mediated bridging event between two
Asp residues, involving both side-chain carboxylate oxygen atoms and backbone oxygen atoms.

Shaded areas indicate the interface between the dense and dilute phases.
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Figure S11. Correlation plot illustrating the relationship between the average number of water molecules
interacting with amino acid side chains and the corresponding side-chain volume, evaluated separately for
residues located in the condensate interior and in the bulk phase.
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Data availability
Scripts and data related to this publication are available at https://github.com/comp-mol-
biol/cascade_computing/tree/MUT16_FFR_v0.1      and https://doi.org/10.5281/zenodo.19219063     ,
respectively.

Acknowledgements
This project was funded by SFB 1551 Project No. 464588647 of the DFG (Deutsche
Forschungsgemeinschaft). L.S.S. acknowledges support by ReALity (Resilience, Adapta-tion and
Longevity), M3ODEL and Forschungsinitiative des Landes Rheinland-Pfalz. The authors gratefully
acknowledge the data storage facilities provided by the Institute for Quan-titative and
Computational Biosciences (IQCB) at Johannes Gutenberg University Mainz. This work was
supported by the Max Planck Graduate Center with the Johannes Gutenberg-Universität Mainz
(MPGC) We gratefully acknowledge the advisory services offered and the computing time granted
on the supercomputers Mogon II at Johannes Gutenberg Univer-sity Mainz, which is a member of
the AHRP (Alliance for High-Performance Computing in Rhineland Palatinate) and the Gauss
Alliance e.V. L.S.S. thanks, Dr R. Sprangers and Dr. S. M. Hanson, for inspiring discussions. We
thank Dr. V. Bussetto and Dr. S. Falk for providing the MUT-16 FFR sample.

Additional files
Supplementary text and figures      

SI Movie 1      

SI Movie 2      

SI Movie 3      

Additional information
Funding

Funder Grant reference number Author

Deutsche Forschungsgemeinschaft (DFG) SFB 1551 (464588647)

Lukas Stelzl

Lucia Baltz

Rene F Ketting

Author ORCID iDs
Kumar Gaurav:  https://orcid.org/0009-0001-1094-9047
René F Ketting:  https://orcid.org/0000-0001-6161-5621

References
Hyman A. A., Weber C. A., Jülicher F (2014) Liquid-liquid phase separation in biology. Annual review of
cell and developmental biology 30:39‑58 https://doi.org/10.1146/annurev-cellbio-100913-013325 |
PubMed

Li P., Banjade S., Cheng H.-C., Kim S., Chen B., Guo L., Llaguno M., Hollingsworth J. V., King D. S., Banani S.
F, et al. (2012) Phase transitions in the as-sembly of multivalent signalling proteins. Nature
483:336‑340 https://doi.org/10.1038/nature10879 | PubMed

Nott T. J., Petsalaki E., Farber P., Jervis D., Fussner E., Plochowietz A., Craggs T. D., Bazett-Jones D. P.,
Pawson T., Forman-Kay J. D., et al. (2015) Phase Transition of a Disordered Nuage Protein Generates
Environmentally Respon-sive Membraneless Organelles. Molecular Cell 57:936‑947 
https://doi.org/10.1016/j.molcel.2015.01.013 | PubMed

(1)

(2)

(3)

Biochemistry and Chemical Biology | Computational and Systems Biology

https://doi.org/10.7554/eLife.111559.1
https://elifesciences.org/?utm_source=pdf&utm_medium=article-pdf&utm_campaign=PDF_tracking
https://github.com/comp-mol-biol/cascade_computing/tree/MUT16_FFR_v0.1
https://doi.org/10.5281/zenodo.19219063
https://prod--epp.elifesciences.org/api/files/111559/v1/content/supplements/715404_file02.pdf
https://prod--epp.elifesciences.org/api/files/111559/v1/content/supplements/715404_file03.mp4
https://prod--epp.elifesciences.org/api/files/111559/v1/content/supplements/715404_file04.mp4
https://prod--epp.elifesciences.org/api/files/111559/v1/content/supplements/715404_file05.mp4
https://orcid.org/0009-0001-1094-9047
https://orcid.org/0009-0001-1094-9047
https://orcid.org/0009-0001-1094-9047
https://orcid.org/0000-0001-6161-5621
https://orcid.org/0000-0001-6161-5621
https://orcid.org/0000-0001-6161-5621
https://doi.org/10.1146/annurev-cellbio-100913-013325
https://pubmed.ncbi.nlm.nih.gov/25288112
https://pubmed.ncbi.nlm.nih.gov/25288112
https://doi.org/10.1038/nature10879
https://pubmed.ncbi.nlm.nih.gov/22398450
https://pubmed.ncbi.nlm.nih.gov/22398450
https://doi.org/10.1016/j.molcel.2015.01.013
https://pubmed.ncbi.nlm.nih.gov/25747659
https://pubmed.ncbi.nlm.nih.gov/25747659
https://elifesciences.org/subjects/biochemistry-chemical-biology
https://elifesciences.org/subjects/computational-systems-biology


Gaurav, Baltz et al., 2026 eLife 15:RP111559.  https://doi.org/10.7554/eLife.111559.1 40 of 55

Berry J., Weber S. C., Vaidya N., Haataja M., Brangwynne C. P (2015) RNA transcription modulates
phase transition-driven nuclear body assembly. Proceedings of the National Academy of Sciences
112:E5237‑E5245 https://doi.org/10.1073/pnas.1509317112 | PubMed

Feric M., Vaidya N., Harmon T. S., Mitrea D. M., Zhu L., Richardson T. M., Kriwacki R. W., Pappu R. V.,
Brangwynne C. P (2016) Coexisting liquid phases underlie nucleolar subcompartments. Cell
165:1686‑1697 https://doi.org/10.1016/j.cell.2016.04.047 | PubMed

Ferrolino M. C., Mitrea D. M., Michael J. R., Kriwacki R. W (2018) Compositional adapt-ability in NPM1-
SURF6 scaffolding networks enabled by dynamic switching of phase separation mechanisms. Nature
communications 9:5064 https://doi.org/10.1038/s41467-018-07530-1 | PubMed

Phillips C. M., Montgomery T. A., Breen P. C., Ruvkun G (2012) MUT-16 promotes formation of
perinuclear mutator foci required for RNA silencing in the C. elegans germline. Genes & development
26:1433‑1444 https://doi.org/10.1101/gad.193904.112 | PubMed

Dignon G. L., Best R. B., Mittal J (2020) Biomolecular phase separation: from molecular driving forces
to macroscopic properties. Annual review of physical chemistry 71:53‑75 
https://doi.org/10.1146/annurev-physchem-071819-113553 | PubMed

Pak C. W., Kosno M., Holehouse A. S., Padrick S. B., Mittal A., Ali R., Yunus A. A., Liu D. R., Pappu R. V.,
Rosen M. K (2016) Sequence determinants of intra-cellular phase separation by complex
coacervation of a disordered protein. Molecular cell 63:72‑85 
https://doi.org/10.1016/j.molcel.2016.05.042 | PubMed

Tesei G., Trolle A. I., Jonsson N., Betz J., Knudsen F. E., Pesce F., Johansson K. E., Lindorff-Larsen K (2024)
Conformational ensembles of the human intrinsically disordered proteome. Nature 626:897‑904 
https://doi.org/10.1038/s41586-023-07004-5 | PubMed

Zerze G. H., Zheng W., Best R. B., Mittal J (2019) Evolution of all-atom protein force fields to improve
local and global properties. The journal of physical chemistry letters 10:2227‑2234 
https://doi.org/10.1021/acs.jpclett.9b00850 | PubMed

Larson A. G., Elnatan D., Keenen M. M., Trnka M. J., Johnston J. B., Burlingame A. L., Agard D. A., Redding
S., Narlikar G. J (2017) Liquid droplet formation by HP1α suggests a role for phase separation in
heterochromatin. Nature 547:236‑240 https://doi.org/10.1038/nature22822 | PubMed

Shin Y., Chang Y.-C., Lee D. S., Berry J., Sanders D. W., Ronceray P., Wingreen N. S., Haataja M.,
Brangwynne C. P (2018) Liquid nuclear condensates me-chanically sense and restructure the
genome. Cell 175:1481‑1491 https://doi.org/10.1016/j.cell.2018.10.057 | PubMed

Sanulli S., Trnka M., Dharmarajan V., Tibble R., Pascal B., Burlingame A., Grif-fin P., Gross J., Narlikar G
(2019) HP1 reshapes nucleosome core to promote phase separa-tion of heterochromatin. Nature
575:390‑394 https://doi.org/10.1038/s41586-019-1669-2 | PubMed

Patel A., Lee H. O., Jawerth L., Maharana S., Jahnel M., Hein M. Y., Stoynov S., Mahamid J., Saha S.,
Franzmann T. M, et al. (2015) A liquid-to-solid phase transition of the ALS protein FUS accelerated by
disease mutation. Cell 162:1066‑1077 https://doi.org/10.1016/j.cell.2015.07.047 | PubMed

Roberts S., Harmon T. S., Schaal J. L., Miao V., Li K., Hunt A., Wen Y., Oas T. G., Collier J. H., Pappu R. V, et
al. (2018) Injectable tissue integrating networks from recombinant polypeptides with tunable order.
Nature materials 17:1154‑1163 https://doi.org/10.1038/s41563-018-0182-6

Brady J. P., Farber P. J., Sekhar A., Lin Y.-H., Huang R., Bah A., Nott T. J., Chan H. S., Baldwin A. J., Forman-
Kay J. D., et al. (2017) Structural and hydrody-namic properties of an intrinsically disordered region of
a germ cell-specific protein on phase separation. Proceedings of the National Academy of Sciences
114:E8194‑E8203 https://doi.org/10.1073/pnas.1706197114 | PubMed

Guseva S., Schnapka V., Adamski W., Maurin D., Ruigrok R. W. H., Salvi N., Blackledge M (2023) Liquid–
Liquid Phase Separation Modifies the Dynamic Properties of Intrinsically Disordered Proteins.
Journal of the American Chemical Society 145:10548‑10563 PubMed |
https://doi.org/10.1021/jacs.2c13647

(4)

(5)

(6)

(7)

(8)

(9)

(10)

(11)

(12)

(13)

(14)

(15)

(16)

(17)

(18)

Biochemistry and Chemical Biology | Computational and Systems Biology

https://doi.org/10.7554/eLife.111559.1
https://elifesciences.org/?utm_source=pdf&utm_medium=article-pdf&utm_campaign=PDF_tracking
https://doi.org/10.1073/pnas.1509317112
https://pubmed.ncbi.nlm.nih.gov/26351690
https://pubmed.ncbi.nlm.nih.gov/26351690
https://doi.org/10.1016/j.cell.2016.04.047
https://pubmed.ncbi.nlm.nih.gov/27212236
https://pubmed.ncbi.nlm.nih.gov/27212236
https://doi.org/10.1038/s41467-018-07530-1
https://pubmed.ncbi.nlm.nih.gov/30498217
https://pubmed.ncbi.nlm.nih.gov/30498217
https://doi.org/10.1101/gad.193904.112
https://pubmed.ncbi.nlm.nih.gov/22713602
https://pubmed.ncbi.nlm.nih.gov/22713602
https://doi.org/10.1146/annurev-physchem-071819-113553
https://pubmed.ncbi.nlm.nih.gov/32312191
https://pubmed.ncbi.nlm.nih.gov/32312191
https://doi.org/10.1016/j.molcel.2016.05.042
https://pubmed.ncbi.nlm.nih.gov/27392146
https://pubmed.ncbi.nlm.nih.gov/27392146
https://doi.org/10.1038/s41586-023-07004-5
https://pubmed.ncbi.nlm.nih.gov/38297118
https://pubmed.ncbi.nlm.nih.gov/38297118
https://doi.org/10.1021/acs.jpclett.9b00850
https://pubmed.ncbi.nlm.nih.gov/30990694
https://pubmed.ncbi.nlm.nih.gov/30990694
https://doi.org/10.1038/nature22822
https://pubmed.ncbi.nlm.nih.gov/28636604
https://pubmed.ncbi.nlm.nih.gov/28636604
https://doi.org/10.1016/j.cell.2018.10.057
https://pubmed.ncbi.nlm.nih.gov/30500535
https://pubmed.ncbi.nlm.nih.gov/30500535
https://doi.org/10.1038/s41586-019-1669-2
https://pubmed.ncbi.nlm.nih.gov/31618757
https://pubmed.ncbi.nlm.nih.gov/31618757
https://doi.org/10.1016/j.cell.2015.07.047
https://pubmed.ncbi.nlm.nih.gov/26317470
https://pubmed.ncbi.nlm.nih.gov/26317470
https://doi.org/10.1038/s41563-018-0182-6
https://doi.org/10.1073/pnas.1706197114
https://pubmed.ncbi.nlm.nih.gov/28894006
https://pubmed.ncbi.nlm.nih.gov/28894006
https://pubmed.ncbi.nlm.nih.gov/37146977
https://doi.org/10.1021/jacs.2c13647
https://doi.org/10.1021/jacs.2c13647
https://elifesciences.org/subjects/biochemistry-chemical-biology
https://elifesciences.org/subjects/computational-systems-biology


Gaurav, Baltz et al., 2026 eLife 15:RP111559.  https://doi.org/10.7554/eLife.111559.1 41 of 55

Zheng W., Dignon G. L., Jovic N., Xu X., Regy R. M., Fawzi N. L., Kim Y. C., Best R. B., Mittal J (2020)
Molecular details of protein condensates probed by microsecond long atomistic simulations. The
Journal of Physical Chemistry B 124:11671‑11679 https://doi.org/10.1021/acs.jpcb.0c10489 | PubMed

Galvanetto N., Ivanović M. T., Chowdhury A., Sottini A., Nüesch M. F., Nettels D., Best R. B., Schuler B
(2023) Extreme dynamics in a biomolecular condensate. Nature 619:876‑883 
https://doi.org/10.1038/s41586-023-06329-5 | PubMed

Wang J., Choi J.-M., Holehouse A. S., Lee H. O., Zhang X., Jahnel M., Maha-rana S., Lemaitre R.,
Pozniakovsky A., Drechsel D., et al. (2018) A Molecular Grammar Governing the Driving Forces for
Phase Separation of Prion-like RNA Binding Proteins. Cell 174:688‑699. 
https://doi.org/10.1016/j.cell.2018.06.006 | PubMed

Murthy A. C., Dignon G. L., Kan Y., Zerze G. H., Parekh S. H., Mittal J., Fawzi N. L (2019) Molecular
interactions underlying liquid- liquid phase separation of the FUS low-complexity domain. Nature
structural & molecular biology 26:637‑648 https://doi.org/10.1038/s41594-019-0250-x | PubMed

Brangwynne C. P., Tompa P., Pappu R. V (2015) Polymer physics of intracellular phase transitions.
Nature Physics 11:899‑904 https://doi.org/10.1038/nphys3532

Gomes E., Shorter J (2019) The molecular language of membraneless organelles. Journal of Biological
Chemistry 294:7115‑7127 https://doi.org/10.1074/jbc.tm118.001192 | PubMed

Martin E. W., Mittag T (2018) Relationship of sequence and phase separation in protein low-
complexity regions. Biochemistry 57:2478‑2487 https://doi.org/10.1021/acs.biochem.8b00008 |
PubMed

Paloni M., Bailly R., Ciandrini L., Barducci A (2020) Unraveling Molecular Interactions in Liquid–Liquid
Phase Separation of Disordered Proteins by Atomistic Simulations. J. Phys. Chem. B 124:9009‑9016 
https://doi.org/10.1021/acs.jpcb.0c06288 | PubMed

Vernon R. M., Chong P. A., Tsang B., Kim T. H., Bah A., Farber P., Lin H., Forman-Kay J. D (2018) Pi-Pi
contacts are an overlooked protein feature relevant to phase separation. eLife 7:e31486 
https://doi.org/10.7554/elife.31486 | PubMed

Bremer A., Farag M., Borcherds W. M., Peran I., Martin E. W., Pappu R. V., Mittag T (2022) Deciphering
how naturally occurring sequence features impact the phase behaviours of disordered prion-like
domains. Nature Chemistry 14:196‑207 https://doi.org/10.1038/s41557-021-00840-w | PubMed

Mukherjee S., Schäfer L. V (2023) Thermodynamic forces from protein and water govern condensate
formation of an intrinsically disordered protein domain. Nature Communi-cations 14:5892 
https://doi.org/10.1038/s41467-023-41586-y | PubMed

Mukherjee S., Schäfer L. V (2024) Heterogeneous Slowdown of Dynamics in the Condensate of an
Intrinsically Disordered Protein. The Journal of Physical Chemistry Letters 15:11244‑11251 PubMed |
https://doi.org/10.1021/acs.jpclett.4c02142

Leisle L., Lam K., Dehghani-Ghahnaviyeh S., Fortea E., Galpin J. D., Ahern C. A., Tajkhorshid E., Accardi A
(2022) Backbone amides are determinants of Cl- selectivity in CLC ion channels. Nature
communications 13:7508 https://doi.org/10.1038/s41467-022-35279-1 | PubMed

Lemke T., Edte M., Gebauer D., Peter C (2021) Three reasons why aspartic acid and glutamic acid
sequences have a surprisingly different influence on mineralization. The Journal of Physical Chemistry
B 125:10335‑10343 https://doi.org/10.1021/acs.jpcb.1c04467 | PubMed

Dudev T., Lim C (2007) Effect of carboxylate-binding mode on metal binding/selectivity and function
in proteins. Accounts of chemical research 40:85‑93 https://doi.org/10.1021/ar068181i | PubMed

Seyfried P., Heinz M., Pintér G., Klötzner D.-P., Becker Y., Bolte M., Jonker H. R. A., Stelzl L. S., Hummer G.,
Schwalbe H., et al. (2018) Optimal Destabilization of DNA Double Strands by Single-Nucleobase
Caging. Chemistry – A European Journal 24:17568‑17576 https://doi.org/10.1002/chem.201804040 |
PubMed

(19)

(20)

(21)

(22)

(23)

(24)

(25)

(26)

(27)

(28)

(29)

(30)

(31)

(32)

(33)

(34)

Biochemistry and Chemical Biology | Computational and Systems Biology

https://doi.org/10.7554/eLife.111559.1
https://elifesciences.org/?utm_source=pdf&utm_medium=article-pdf&utm_campaign=PDF_tracking
https://doi.org/10.1021/acs.jpcb.0c10489
https://pubmed.ncbi.nlm.nih.gov/33302617
https://pubmed.ncbi.nlm.nih.gov/33302617
https://doi.org/10.1038/s41586-023-06329-5
https://pubmed.ncbi.nlm.nih.gov/37468629
https://pubmed.ncbi.nlm.nih.gov/37468629
https://doi.org/10.1016/j.cell.2018.06.006
https://pubmed.ncbi.nlm.nih.gov/29961577
https://pubmed.ncbi.nlm.nih.gov/29961577
https://doi.org/10.1038/s41594-019-0250-x
https://pubmed.ncbi.nlm.nih.gov/31270472
https://pubmed.ncbi.nlm.nih.gov/31270472
https://doi.org/10.1038/nphys3532
https://doi.org/10.1074/jbc.tm118.001192
https://pubmed.ncbi.nlm.nih.gov/30045872
https://pubmed.ncbi.nlm.nih.gov/30045872
https://doi.org/10.1021/acs.biochem.8b00008
https://pubmed.ncbi.nlm.nih.gov/29517898
https://pubmed.ncbi.nlm.nih.gov/29517898
https://doi.org/10.1021/acs.jpcb.0c06288
https://pubmed.ncbi.nlm.nih.gov/32936641
https://pubmed.ncbi.nlm.nih.gov/32936641
https://doi.org/10.7554/elife.31486
https://pubmed.ncbi.nlm.nih.gov/29424691
https://pubmed.ncbi.nlm.nih.gov/29424691
https://doi.org/10.1038/s41557-021-00840-w
https://pubmed.ncbi.nlm.nih.gov/34931046
https://pubmed.ncbi.nlm.nih.gov/34931046
https://doi.org/10.1038/s41467-023-41586-y
https://pubmed.ncbi.nlm.nih.gov/37735186
https://pubmed.ncbi.nlm.nih.gov/37735186
https://pubmed.ncbi.nlm.nih.gov/39486437
https://doi.org/10.1021/acs.jpclett.4c02142
https://doi.org/10.1021/acs.jpclett.4c02142
https://doi.org/10.1038/s41467-022-35279-1
https://pubmed.ncbi.nlm.nih.gov/36473856
https://pubmed.ncbi.nlm.nih.gov/36473856
https://doi.org/10.1021/acs.jpcb.1c04467
https://pubmed.ncbi.nlm.nih.gov/34473925
https://pubmed.ncbi.nlm.nih.gov/34473925
https://doi.org/10.1021/ar068181i
https://pubmed.ncbi.nlm.nih.gov/17226948
https://pubmed.ncbi.nlm.nih.gov/17226948
https://doi.org/10.1002/chem.201804040
https://pubmed.ncbi.nlm.nih.gov/30199112
https://pubmed.ncbi.nlm.nih.gov/30199112
https://elifesciences.org/subjects/biochemistry-chemical-biology
https://elifesciences.org/subjects/computational-systems-biology


Gaurav, Baltz et al., 2026 eLife 15:RP111559.  https://doi.org/10.7554/eLife.111559.1 42 of 55

Fossat M. J., Zeng X., Pappu R. V (2021) Uncovering differences in hydration free energies and
structures for model compound mimics of charged side chains of amino acids. The Journal of Physical
Chemistry B 125:4148‑4161 https://doi.org/10.1021/acs.jpcb.1c01073 | PubMed

Smokers I. B., Lavagna E., Freire R. V., Paloni M., Voets I. K., Barducci A., White P. B., Khajehpour M.,
Spruijt E (2025) Selective ion binding and uptake shape the microenvironment of biomolecular
condensates. Journal of the American Chemical Society 147:25692‑25704 
https://doi.org/10.1021/jacs.5c07295 | PubMed

Polyansky A. A., Gallego L. D., Efremov R. G., Köhler A., Zagrovic B (2023) Protein com-pactness and
interaction valency define the architecture of a biomolecular condensate across scales. eLife
12:e80038 https://doi.org/10.7554/eLife.80038 | PubMed

Rekhi S., Garcia C. G., Barai M., Rizuan A., Schuster B. S., Kiick K. L., Mittal J (2024) Expanding the
molecular language of protein liquid–liquid phase separation. Nature Chemistry 1‑12 
https://doi.org/10.1038/s41557-024-01489-x | PubMed

Gaurav K., Busetto V., Páez-Moscoso D. J., Changiarath A., Hanson S. M., Falk S., Ketting R. F., Stelzl L. S
(2025) Multi-scale simulations of MUT-16 scaffold protein phase separation and client recognition.
Biophysical Journal 124:3987‑4004 https://doi.org/10.1016/j.bpj.2025.08.001 | PubMed

Unarta I. C., Cao S., Goonetilleke E. C., Niu J., Gellman S. H., Huang X (2024) Sub-millisecond Atomistic
Molecular Dynamics Simulations Reveal Hydrogen Bond-Driven Diffusion of a Guest Peptide in
Protein–RNA Condensate. The Journal of Physical Chemistry B 128:2347‑2359 PubMed |
https://doi.org/10.1021/acs.jpcb.3c08126

Venkatakrishnan A., Fonseca R., Ma A. K., Hollingsworth S. A., Chemparathy A., Hilger D., Kooistra A. J.,
Ahmari R., Babu M. M., Kobilka B. K, et al. (2019) Uncovering patterns of atomic interactions in static
and dynamic structures of proteins. bioRxiv  https://doi.org/10.1101/840694

Song W., Corey R. A., Ansell T. B., Cassidy C. K., Horrell M. R., Duncan A. L., Stansfeld P. J., Sansom M. S. P
(2022) PyLipID: A Python Package for Analysis of Pro-tein–Lipid Interactions from Molecular
Dynamics Simulations. Journal of Chemical Theory and Computation 18:1188‑1201 PubMed |
https://doi.org/10.1021/acs.jctc.1c00708

Galvanetto N., Ivanović M. T., Del Grosso S. A., Chowdhury A., Sottini A., Net-tels D., Best R. B., Schuler B
(2025) Material properties of biomolecular condensates emerge from nanoscale dynamics.
Proceedings of the National Academy of Sciences 122:e2424135122 
https://doi.org/10.1073/pnas.2424135122 | PubMed

Wang L., Brasnett C., Borges-Araújo L., Souza P. C., Marrink S. J (2025) Martini3-IDP: improved Martini 3
force field for disordered proteins. Nature Communications 16:1‑14 https://doi.org/10.1038/s41467-
025-58199-2 | PubMed

Ingólfsson H. I., Rizuan A., Liu X., Mohanty P., Souza P. C. T., Marrink S. J., Bowers M. T., Mittal J., Berry J
(2023) Multiscale simulations reveal TDP-43 molecular-level interactions driving condensation.
Biophysical Journal 122:4370‑4381 https://doi.org/10.1016/j.bpj.2023.10.016 | PubMed

Sojitra K. A., Chen Q., Weng S.-L., Rekhi S., Rizuan A., Mittal J (2026) (2026) Atomistic Simulations of
Biomolecular Condensates. ChemRxiv  https://doi.org/10.26434/chemrxiv.15001559/v1

Heo L., Feig M (2024) One bead per residue can describe all-atom protein structures. Struc-ture
32:97‑111. https://doi.org/10.1016/j.str.2023.10.013 | PubMed

Ugarte La Torre D., Sugita Y (2025) CGBack: Diffusion Model for Backmapping Large-Scale and
Complex Coarse-Grained Molecular Systems. Journal of Chemical Information and Modeling
65:9974‑9986 PubMed | https://doi.org/10.1021/acs.jcim.5c01281

Michaud-Agrawal N., Denning E. J., Woolf T. B., Beckstein O (2011) MDAnalysis: a toolkit for the
analysis of molecular dynamics simulations. Journal of computational chemistry 32:2319‑2327 
https://doi.org/10.1002/jcc.21787 | PubMed

Ramasubramani Vyas, Adorf Carl S., Dodd Paul M., Dice Bradley D., Sharon C. (2018) Glotzer signac: A
Python framework for data and workflow management. In: Proceedings of the 17th Python in
Science Conference. pp. 152‑159 https://doi.org/10.25080/majora-4af1f417-016

(35)

(36)

(37)

(38)

(39)

(40)

(41)

(42)

(43)

(44)

(45)

(46)

(47)

(48)

(49)

(50)

Biochemistry and Chemical Biology | Computational and Systems Biology

https://doi.org/10.7554/eLife.111559.1
https://elifesciences.org/?utm_source=pdf&utm_medium=article-pdf&utm_campaign=PDF_tracking
https://doi.org/10.1021/acs.jpcb.1c01073
https://pubmed.ncbi.nlm.nih.gov/33877835
https://pubmed.ncbi.nlm.nih.gov/33877835
https://doi.org/10.1021/jacs.5c07295
https://pubmed.ncbi.nlm.nih.gov/40653653
https://pubmed.ncbi.nlm.nih.gov/40653653
https://doi.org/10.7554/eLife.80038
https://pubmed.ncbi.nlm.nih.gov/37470705
https://pubmed.ncbi.nlm.nih.gov/37470705
https://doi.org/10.1038/s41557-024-01489-x
https://pubmed.ncbi.nlm.nih.gov/38553587
https://pubmed.ncbi.nlm.nih.gov/38553587
https://doi.org/10.1016/j.bpj.2025.08.001
https://pubmed.ncbi.nlm.nih.gov/40781776
https://pubmed.ncbi.nlm.nih.gov/40781776
https://pubmed.ncbi.nlm.nih.gov/38416758
https://doi.org/10.1021/acs.jpcb.3c08126
https://doi.org/10.1021/acs.jpcb.3c08126
https://doi.org/10.1101/840694
https://pubmed.ncbi.nlm.nih.gov/35020380
https://doi.org/10.1021/acs.jctc.1c00708
https://doi.org/10.1021/acs.jctc.1c00708
https://doi.org/10.1073/pnas.2424135122
https://pubmed.ncbi.nlm.nih.gov/40455990
https://pubmed.ncbi.nlm.nih.gov/40455990
https://doi.org/10.1038/s41467-025-58199-2
https://doi.org/10.1038/s41467-025-58199-2
https://pubmed.ncbi.nlm.nih.gov/40128232
https://pubmed.ncbi.nlm.nih.gov/40128232
https://doi.org/10.1016/j.bpj.2023.10.016
https://pubmed.ncbi.nlm.nih.gov/37853696
https://pubmed.ncbi.nlm.nih.gov/37853696
https://doi.org/10.26434/chemrxiv.15001559/v1
https://doi.org/10.1016/j.str.2023.10.013
https://pubmed.ncbi.nlm.nih.gov/38000367
https://pubmed.ncbi.nlm.nih.gov/38000367
https://pubmed.ncbi.nlm.nih.gov/40962313
https://doi.org/10.1021/acs.jcim.5c01281
https://doi.org/10.1021/acs.jcim.5c01281
https://doi.org/10.1002/jcc.21787
https://pubmed.ncbi.nlm.nih.gov/21500218
https://pubmed.ncbi.nlm.nih.gov/21500218
https://doi.org/10.25080/majora-4af1f417-016
https://elifesciences.org/subjects/biochemistry-chemical-biology
https://elifesciences.org/subjects/computational-systems-biology


Gaurav, Baltz et al., 2026 eLife 15:RP111559.  https://doi.org/10.7554/eLife.111559.1 43 of 55

Uebel C. J., Anderson D. C., Mandarino L. M., Manage K. I., Aynaszyan S., Phillips C. M (2018) Distinct
regions of the intrinsically disordered protein MUT-16 me-diate assembly of a small RNA
amplification complex and promote phase separation of Mutator foci. PLoS genetics 14:e1007542 
https://doi.org/10.1371/journal.pgen.1007542 | PubMed

Claycomb J. M (2014) Ancient endo-siRNA pathways reveal new tricks. Current Biology 24:R703‑R715 
https://doi.org/10.1016/j.cub.2014.06.009 | PubMed

Ketting R. F (2011) The many faces of RNAi. Developmental cell 20:148‑161 
https://doi.org/10.1016/j.devcel.2011.01.012 | PubMed

Busetto V., Pshanichnaya L., Lichtenberger R., Hann S., Ketting R. F., Falk S (2024) MUT-7
exoribonuclease activity and localization are mediated by an ancient domain. Nucleic Acids Research
52:9076‑9091 https://doi.org/10.1093/nar/gkae610 | PubMed

Kato M., Han T. W., Xie S., Shi K., Du X., Wu L. C., Mirzaei H., Goldsmith E. J., Longgood J., Pei J, et al. (2012)
Cell-free formation of RNA granules: low complexity sequence domains form dynamic fibers within
hydrogels. Cell 149:753‑767 https://doi.org/10.1016/j.cell.2012.04.017 | PubMed

Pantolini L., Studer G., Pereira J., Durairaj J., Tauriello G., Schwede T (2024) Embedding-based
alignment: combining protein language models with dynamic programming alignment to detect
structural similarities in the twilight-zone. Bioinformat-ics 40:btad786 
https://doi.org/10.1093/bioinformatics/btad786 | PubMed

Lin Z., Akin H., Rao R., Hie B., Zhu Z., Lu W., Smetanin N., Verkuil R., Ka-beli O., Shmueli Y, et al. (2023)
Evolutionary-scale prediction of atomic-level protein struc-ture with a language model. Science
379:1123‑1130 https://doi.org/10.1126/science.ade2574 | PubMed

Fritsch A. W., Iglesias-Artola J. M., Hyman A. A. (2024) inPhase—a simple, accurate and fast approach
to determine phase diagrams of protein condensates. bioRxiv  
https://doi.org/10.1101/2024.10.02.616352

Abraham M. J., Murtola T., Schulz R., Páll S., Smith J. C., Hess B., Lindahl E (2015) GROMACS: High
performance molecular simulations through multi-level parallelism from laptops to
supercomputers. SoftwareX 1:19‑25 https://doi.org/10.1016/j.softx.2015.06.001

Souza P. C., Alessandri R., Barnoud J., Thallmair S., Faustino I., Grünewald F., Patmanidis I., Abdizadeh H.,
Bruininks B. M., Wassenaar T. A, et al. (2021) Martini 3: a general purpose force field for coarse-
grained molecular dynamics. Nature methods 18:382‑388 https://doi.org/10.1038/s41592-021-01098-
3 | PubMed

Jumper J., Evans R., Pritzel A., Green T., Figurnov M., Ronneberger O., Tunya-suvunakool K., Bates R.,
Žídek A., Potapenko A., et al. (2021) Highly accurate protein structure prediction with AlphaFold.
nature 596:583‑589 https://doi.org/10.1038/s41586-021-03819-2 | PubMed

Kroon P. C., Grünewald F., Barnoud J., van Tilburg M., Brasnett C., Souza P. C., Wassenaar T. A., Marrink S.
J (2025) Martinize2 and Vermouth provide a unified framework for molecular topology generation.
eLife 12:RP90627 https://doi.org/10.7554/eLife.90627 | PubMed

Wassenaar T. A., Ingólfsson H. I., Bockmann R. A., Tieleman D. P., Marrink S. J (2015) Computational
lipidomics with insane: a versatile tool for generating custom mem-branes for molecular
simulations. Journal of chemical theory and computation 11:2144‑2155 
https://doi.org/10.1021/acs.jctc.5b00209 | PubMed

Bussi G., Donadio D., Parrinello M (2007) Canonical sampling through velocity rescaling. The Journal of
chemical physics 126 https://doi.org/10.1063/1.2408420 | PubMed

Parrinello M., Rahman A (1981) Polymorphic transitions in single crystals: A new molecular dynamics
method. Journal of Applied physics 52:7182‑7190 https://doi.org/10.1063/1.328693

Wassenaar T. A., Pluhackova K., Bockmann R. A., Marrink S. J., Tieleman D. P (2014) Going backward: a
flexible geometric approach to reverse transformation from coarse grained to atomistic models.
Journal of chemical theory and computation 10:676‑690 https://doi.org/10.1021/ct400617g | PubMed

(51)

(52)

(53)

(54)

(55)

(56)

(57)

(58)

(59)

(60)

(61)

(62)

(63)

(64)

(65)

(66)

Biochemistry and Chemical Biology | Computational and Systems Biology

https://doi.org/10.7554/eLife.111559.1
https://elifesciences.org/?utm_source=pdf&utm_medium=article-pdf&utm_campaign=PDF_tracking
https://doi.org/10.1371/journal.pgen.1007542
https://pubmed.ncbi.nlm.nih.gov/30036386
https://pubmed.ncbi.nlm.nih.gov/30036386
https://doi.org/10.1016/j.cub.2014.06.009
https://pubmed.ncbi.nlm.nih.gov/25093565
https://pubmed.ncbi.nlm.nih.gov/25093565
https://doi.org/10.1016/j.devcel.2011.01.012
https://pubmed.ncbi.nlm.nih.gov/21316584
https://pubmed.ncbi.nlm.nih.gov/21316584
https://doi.org/10.1093/nar/gkae610
https://pubmed.ncbi.nlm.nih.gov/39188014
https://pubmed.ncbi.nlm.nih.gov/39188014
https://doi.org/10.1016/j.cell.2012.04.017
https://pubmed.ncbi.nlm.nih.gov/22579281
https://pubmed.ncbi.nlm.nih.gov/22579281
https://doi.org/10.1093/bioinformatics/btad786
https://pubmed.ncbi.nlm.nih.gov/38175775
https://pubmed.ncbi.nlm.nih.gov/38175775
https://doi.org/10.1126/science.ade2574
https://pubmed.ncbi.nlm.nih.gov/36927031
https://pubmed.ncbi.nlm.nih.gov/36927031
https://doi.org/10.1101/2024.10.02.616352
https://doi.org/10.1016/j.softx.2015.06.001
https://doi.org/10.1038/s41592-021-01098-3
https://doi.org/10.1038/s41592-021-01098-3
https://pubmed.ncbi.nlm.nih.gov/33782607
https://pubmed.ncbi.nlm.nih.gov/33782607
https://doi.org/10.1038/s41586-021-03819-2
https://pubmed.ncbi.nlm.nih.gov/34265844
https://pubmed.ncbi.nlm.nih.gov/34265844
https://doi.org/10.7554/eLife.90627
https://pubmed.ncbi.nlm.nih.gov/41263305
https://pubmed.ncbi.nlm.nih.gov/41263305
https://doi.org/10.1021/acs.jctc.5b00209
https://pubmed.ncbi.nlm.nih.gov/26574417
https://pubmed.ncbi.nlm.nih.gov/26574417
https://doi.org/10.1063/1.2408420
https://pubmed.ncbi.nlm.nih.gov/17212484
https://pubmed.ncbi.nlm.nih.gov/17212484
https://doi.org/10.1063/1.328693
https://doi.org/10.1021/ct400617g
https://pubmed.ncbi.nlm.nih.gov/26580045
https://pubmed.ncbi.nlm.nih.gov/26580045
https://elifesciences.org/subjects/biochemistry-chemical-biology
https://elifesciences.org/subjects/computational-systems-biology


Gaurav, Baltz et al., 2026 eLife 15:RP111559.  https://doi.org/10.7554/eLife.111559.1 44 of 55

Wassenaar T. A., Pluhackova K., Moussatova A., Sengupta D., Marrink S. J., Tiele-man D. P., Boöckmann R.
A (2015) High-throughput simulations of dimer and trimer as-sembly of membrane proteins. The
DAFT approach. Journal of chemical theory and computation 11:2278‑2291 
https://doi.org/10.1021/ct5010092 | PubMed

Hornak V., Abel R., Okur A., Strockbine B., Roitberg A., Simmerling C (2006) Com-parison of multiple
Amber force fields and development of improved protein backbone parameters. Proteins: Structure,
Function, and Bioinformatics 65:712‑725 https://doi.org/10.1002/prot.21123 | PubMed

Best R. B., Hummer G (2009) Optimized molecular dynamics force fields applied to the helix- coil
transition of polypeptides. The journal of physical chemistry B 113:9004‑9015 
https://doi.org/10.1021/jp901540t | PubMed

Lindorff-Larsen K., Piana S., Palmo K., Maragakis P., Klepeis J. L., Dror R. O., Shaw D. E (2010) Improved
side-chain torsion potentials for the Amber ff99SB protein force field. Proteins: Structure, Function,
and Bioinformatics 78:1950‑1958 https://doi.org/10.1002/prot.22711 | PubMed

Best R. B., de Sancho D., Mittal J (2012) Residue-specific α-helix propensities from molec-ular
simulation. Biophysical Journal 102:1462‑1467 https://doi.org/10.1016/j.bpj.2012.02.024 | PubMed

Piana S., Donchev A. G., Robustelli P., Shaw D. E (2015) Water dispersion interactions strongly
influence simulated structural properties of disordered protein states. The jour-nal of physical
chemistry B 119:5113‑5123 https://doi.org/10.1021/jp508971m | PubMed

von Bülow S., Siggel M., Linke M., Hummer G (2019) Dynamic cluster formation deter-mines viscosity
and diffusion in dense protein solutions. Proceedings of the National Academy of Sciences
116:9843‑9852 https://doi.org/10.1073/pnas.1817564116 | PubMed

Humphrey W., Dalke A., Schulten K (1996) VMD – Visual Molecular Dynamics. Journal of Molecular
Graphics 14:33‑38 https://doi.org/10.1016/0263-7855(96)00018-5 | PubMed

Gowers R. J., Linke M., Barnoud J., Reddy T. J. E., Melo M. N., Seyler S. L., Dotson D. L., Domański J.,
Buchoux S., Kenney I. M., et al. (2016) MDAnaly-sis: A Python Package for the Rapid Analysis of
Molecular Dynamics Simulations. In: Proceedings of the 15th Python in Science Conference.
pp. 98‑105 https://doi.org/10.25080/majora-629e541a-00e

Schwindt N. S., Epsztein R., Straub A. P., Shirts M. R (2025) Molecular details and free energy barriers
of ion de-coordination at elevated salinity and pressure. arXiv  
https://doi.org/10.48550/arxiv.2501.19344

Duignan T. T., Schenter G. K., Fulton J. L., Huthwelker T., Balasubramanian M., Galib M., Baer M. D.,
Wilhelm J., Hutter J., Del Ben M, et al. (2020) Quantifying the hydration structure of sodium and
potassium ions: taking additional steps on Jacob’s Ladder. Physical Chemistry Chemical Physics
22:10641‑10652 https://doi.org/10.1039/c9cp06161d | PubMed

Zhao Y., Kremer K (2021) Proline isomerization regulates the phase behavior of elastin-like
polypeptides in water. The Journal of Physical Chemistry B 125:9751‑9756 
https://doi.org/10.1021/acs.jpcb.1c04779 | PubMed

Flores-Solis D., Lushpinskaia I. P., Polyansky A. A., Changiarath A., Boehning M., Mirkovic M., Walshe J.,
Pietrek L. M., Cramer P., Stelzl L. S., et al. (2023) Driving forces behind phase separation of the carboxy-
terminal domain of RNA polymerase II. Nature Communications 14:5979 
https://doi.org/10.1038/s41467-023-41633-8 | PubMed

Burke K. A., Janke A. M., Rhine C. L., Fawzi N. L (2015) Residue-by-Residue View of In Vitro FUS
Granules that Bind the C-Terminal Domain of RNA Polymerase II. Molecular Cell 60:231‑241 
https://doi.org/10.1016/j.molcel.2015.09.006 | PubMed

Quiroz F. G., Chilkoti A (2015) Sequence heuristics to encode phase behaviour in intrinsically
disordered protein polymers. Nature materials 14:1164‑1171 https://doi.org/10.1038/nmat4418 |
PubMed

Balu R., Dutta N. K., Choudhury N. R., Elvin C. M., Lyons R. E., Knott R., Hill A. J (2014) An16-resilin: An
advanced multi-stimuli-responsive resilin-mimetic protein polymer. Acta biomaterialia 10:4768‑4777 
https://doi.org/10.1016/j.actbio.2014.07.030 | PubMed

(67)

(68)

(69)

(70)

(71)

(72)

(73)

(74)

(75)

(76)

(77)

(78)

(79)

(80)

(81)

(82)

Biochemistry and Chemical Biology | Computational and Systems Biology

https://doi.org/10.7554/eLife.111559.1
https://elifesciences.org/?utm_source=pdf&utm_medium=article-pdf&utm_campaign=PDF_tracking
https://doi.org/10.1021/ct5010092
https://pubmed.ncbi.nlm.nih.gov/26574426
https://pubmed.ncbi.nlm.nih.gov/26574426
https://doi.org/10.1002/prot.21123
https://pubmed.ncbi.nlm.nih.gov/16981200
https://pubmed.ncbi.nlm.nih.gov/16981200
https://doi.org/10.1021/jp901540t
https://pubmed.ncbi.nlm.nih.gov/19514729
https://pubmed.ncbi.nlm.nih.gov/19514729
https://doi.org/10.1002/prot.22711
https://pubmed.ncbi.nlm.nih.gov/20408171
https://pubmed.ncbi.nlm.nih.gov/20408171
https://doi.org/10.1016/j.bpj.2012.02.024
https://pubmed.ncbi.nlm.nih.gov/22455930
https://pubmed.ncbi.nlm.nih.gov/22455930
https://doi.org/10.1021/jp508971m
https://pubmed.ncbi.nlm.nih.gov/25764013
https://pubmed.ncbi.nlm.nih.gov/25764013
https://doi.org/10.1073/pnas.1817564116
https://pubmed.ncbi.nlm.nih.gov/31036655
https://pubmed.ncbi.nlm.nih.gov/31036655
https://doi.org/10.1016/0263-7855(96)00018-5
https://pubmed.ncbi.nlm.nih.gov/8744570
https://pubmed.ncbi.nlm.nih.gov/8744570
https://doi.org/10.25080/majora-629e541a-00e
https://doi.org/10.48550/arxiv.2501.19344
https://doi.org/10.1039/c9cp06161d
https://pubmed.ncbi.nlm.nih.gov/31894785
https://pubmed.ncbi.nlm.nih.gov/31894785
https://doi.org/10.1021/acs.jpcb.1c04779
https://pubmed.ncbi.nlm.nih.gov/34424695
https://pubmed.ncbi.nlm.nih.gov/34424695
https://doi.org/10.1038/s41467-023-41633-8
https://pubmed.ncbi.nlm.nih.gov/37749095
https://pubmed.ncbi.nlm.nih.gov/37749095
https://doi.org/10.1016/j.molcel.2015.09.006
https://pubmed.ncbi.nlm.nih.gov/26455390
https://pubmed.ncbi.nlm.nih.gov/26455390
https://doi.org/10.1038/nmat4418
https://pubmed.ncbi.nlm.nih.gov/26390327
https://pubmed.ncbi.nlm.nih.gov/26390327
https://doi.org/10.1016/j.actbio.2014.07.030
https://pubmed.ncbi.nlm.nih.gov/25107894
https://pubmed.ncbi.nlm.nih.gov/25107894
https://elifesciences.org/subjects/biochemistry-chemical-biology
https://elifesciences.org/subjects/computational-systems-biology


Gaurav, Baltz et al., 2026 eLife 15:RP111559.  https://doi.org/10.7554/eLife.111559.1 45 of 55

Armentia L., López X., De Sancho D. (2025) Arginine versus Lysine: Molecular Determi-nants of
Cation–π Interactions in Biomolecular Condensates. bioRxiv  
https://doi.org/10.1101/2025.10.01.679751

Paloni M., Bussi G., Barducci A (2021) Arginine multivalency stabilizes protein/RNA con-densates.
Protein Science 30:1418‑1426 https://doi.org/10.1002/pro.4109 | PubMed

Dinic J., Tirrell M. V (2024) Effects of charge sequence pattern and lysine-to-arginine sub-stitution on
the structural stability of bioinspired polyampholytes. Biomacromolecules 25:2838‑2851 
https://doi.org/10.1021/acs.biomac.4c00002 | PubMed

Hoffmann C., Ruff K. M., Edu I. A., Shinn M. K., Tromm J. V., King M. R., Pant A., Ausserwöger H., Morgan J.
R., Knowles T. P, et al. (2025) Synapsin condensation is governed by sequence-encoded molecular
grammars. Journal of molecular biology 437 https://doi.org/10.1016/j.jmb.2025.168987 | PubMed

Martin E. W., Holehouse A. S., Peran I., Farag M., Incicco J. J., Bremer A., Grace C. R., Soranno A., Pappu R.
V., Mittag T (2020) Valence and patterning of aromatic residues determine the phase behavior of
prion-like domains. Science 367:694‑699 https://doi.org/10.1126/science.aaw8653 | PubMed

Dignon G. L., Zheng W., Best R. B., Kim Y. C., Mittal J (2018) Relation between single-molecule
properties and phase behavior of intrinsically disordered proteins. Proceedings of the National
Academy of Sciences 115:9929‑9934 https://doi.org/10.1073/pnas.1804177115 | PubMed

Choi J.-M., Holehouse A. S., Pappu R. V (2020) Physical principles underlying the complex biology of
intracellular phase transitions. Annual review of biophysics 49:107‑133 
https://doi.org/10.1146/annurev-biophys-121219-081629 | PubMed

Holehouse A. S., Das R. K., Ahad J. N., Richardson M. O. G., Pappu R. V (2017) CIDER: Resources to
Analyze Sequence-Ensemble Relationships of Intrinsically Disordered Proteins. Biophysical Journal
112:16‑21 https://doi.org/10.1016/j.bpj.2016.11.3200 | PubMed

Gaurav K (2026) MUT-16 FFR atomistic simulations. Zenodo.  
https://doi.org/10.5281/zenodo.19219063

Baltz L (2026) Cascade Computing Scripts. Github. ID cascade_computing/tree/MUT16_FFR_v0.1 
https://github.com/comp-mol-biol/cascade_computing/tree/MUT16_FFR_v0.1

Tesei G (2024) Conformational ensembles of the human IDRome. Github. ID _2023_Tesei_IDRome 
https://github.com/KULL-Centre/_2023_Tesei_IDRome

Peer reviews
Reviewer #1 (Public review):

In this work, Gaurav et al. present an extensive study of phase-separated condensates formed
by the foci-forming region (FFR) of the MUT-16 protein. The authors first report in vitro
experiments showing that these condensates exhibit upper critical solution temperature
(UCST) behavior. They then provide a detailed analysis based on atomistic simulations of
MUT-16 FFR condensates, identifying key interactions responsible for LLPS, including salt
bridges, cation-π interactions, and the role of Na⁺ ions.

Overall, the manuscript is well written. However, there are several concerns that should be
addressed.

Major Concerns:

(1) I have several questions regarding the system preparation that require clarification. The
authors state that "65 copies of the coarse-grained MUT-16 FFR were embedded in a slab-
shaped simulation," but it is not clear how this initial configuration was generated. Were the
molecules randomly distributed in the simulation box, or were they initially arranged in a
preformed condensate? Alternatively, were they randomly inserted and allowed to self-
assemble into a condensate during NpT simulations?
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In Figure 1, the atomistic snapshot appears to show a well-defined condensate at the center of
the simulation box. It would be important to clarify how this configuration was obtained:
Was it generated from coarse-grained simulations starting from random initial conditions?
Or was a preassembled condensate used as input?

Related to this, how do the authors ensure that the simulations are equilibrated? While 20 μs
appears to be a reasonably long simulation time for coarse-grained simulations, it would be
useful to demonstrate equilibration explicitly. For example, the authors could plot the center-
of-mass positions (in the long axis of the simulation box) of individual proteins over time to
show that all molecules reach a steady state and remain within the condensate without
systematic drift.

(2) The authors experimentally observe UCST behavior for these condensates. Do the coarse-
grained or atomistic simulations reproduce this behavior?

While atomistic simulations may be too computationally demanding to systematically explore
temperature dependence, coarse-grained simulations could be used to test whether
condensates are stable at lower temperatures and dissolve at higher temperatures. Such an
analysis would provide valuable support for the experimental observations.

(3) Regarding the analysis of ions, several points could be clarified and extended:

a) It would be helpful to report the total number of ions and quantify how many are located
inside vs. outside the condensate. While qualitative trends can be inferred from density
profiles, quantitative analysis would strengthen the conclusions.

b) It would also be interesting to analyze the number of contact ion pairs (e.g., Na⁺-Cl⁻ pairs),
as described in J. Chem. Phys. 156, 044505 (2022). It is known that some ion models tend to
overestimate ion pairing and underestimate solubility (e.g., J. Chem. Phys. 153, 010903 (2020)).

c) In this context, the use of scaled-charge models has been shown to improve the description
of ionic solutions and biomolecular systems (e.g., J. Phys. Chem. Lett. 2019, 10, 23, 7531-7536).
I would suggest that, at least for one trajectory, the authors perform a test simulation using
scaled charges (e.g., scaling by ~0.8) to evaluate whether ion distributions and protein-ion
interactions are significantly affected.

d) Finally, while the selected water model is known to be accurate, it would be useful to
assess its performance for concentrated salt solutions. For example, the authors could
estimate the density of a 6 m salt solution and compare it with experimental data or validated
models (e.g., J. Chem. Phys. 151, 134504 (2019)). This would help clarify to what extent the
conclusions depend on the chosen force field.

Minor Concerns

(1) In the Introduction, it would be helpful to elaborate further on the possible driving forces
of LLPS in this region. Are there prior hypotheses or evidence pointing to specific interactions
(e.g., cation-π, π-π, electrostatic interactions)? While this work addresses these questions, a
brief discussion of previous experimental or theoretical insights would provide useful
context.

(2) On page 18, the authors state:

"MUT-16 FFR satisfies the length (172 residues), aromatic content (20.35%), and Arg
enrichment (85.71%) criteria. Its charge content (10.47%) and charge balance (38.89% positive
charge fraction) are slightly below the nominal thresholds."
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It would be very helpful to include a schematic representation of the protein sequence
highlighting these features (aromatic residues, charge distribution, etc.) in the corresponding
figure, to provide a more intuitive understanding.

(3) A question regarding ion hydration: What is the coordination environment of the ions that
bridge proteins? Are they still hydrated by water molecules, or does the reduced water
content inside the condensate significantly affect their solvation?

Typically, Na⁺ and Cl⁻ ions have coordination numbers around 5-6 in aqueous solution. Do
protein interactions and reduced solvent conditions within the condensate alter this
coordination? A brief analysis or discussion would be valuable.

https://doi.org/10.7554/eLife.111559.1.sa2

Reviewer #2 (Public review):

Summary:

Gaurav et al. investigate residue-level interactions within the MUT-16 FFR condensate using
all-atom molecular dynamics simulations. The authors first argue, based on sequence
analysis, that MUT-16 FFR is more representative than the widely studied FUS LCD. They then
characterize the UCST phase behavior of MUT-16 FFR experimentally, followed by a detailed
analysis of residue-level contact frequencies and lifetimes. In addition, the manuscript
examines ion-residue interactions and water-mediated interactions. Overall, this work
provides a comprehensive view of the dynamic interactions within the MUT-16 FFR
condensate.

Strengths:

Large-scale all-atom molecular dynamics simulations have been performed to investigate
dynamical interactions within condensates. The analysis is comprehensive and rigorous, and
the claims are strongly justified by the data.

Weaknesses:

The large amount of detail in the results section sometimes makes it difficult to identify the
central take-home messages. I encourage the authors to more clearly highlight the principal
findings and the physical insights that may generalize to other condensate-forming systems.
The authors may also consider streamlining parts of the Results section to improve focus and
readability.

https://doi.org/10.7554/eLife.111559.1.sa1

Reviewer #3 (Public review):

Summary:

The authors aim to characterize the molecular interaction network inside phase-separated
condensates formed by the MUT-16 foci-forming region (FFR), using atomistic simulations
combined with residue-resolved analyses of contact frequencies, contact lifetimes, specific
non-covalent interactions, ions, and water.

Strengths:
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The work addresses an interesting and biologically relevant system, and the combination of
large-scale atomistic simulations with an extensive contact analysis has clear potential value
for the broader condensate field.

Weaknesses:

In its current form, several technical issues need to be addressed before the main conclusions
can be considered robust. Most importantly, the simulated sequence is 172 residues long,
while the atomistic slab has box dimensions of only 12 nm in two directions. This length scale
is comparable to the expected end-to-end distances of a disordered 172-residue chain. It is
therefore not clear whether individual protein chains interact with their own periodic
images, which could substantially affect overall chain dynamics and subsequently bias
contact lifetimes, residue-residue interaction statistics, and the inferred condensate
dynamics. The authors should check, for each chain, histograms of end-to-end distances. For
chains for which more than ~2-3% of the end-to-end distances exceed ~11 nm, the authors
should explicitly check for self-image interactions (for example, using "gmx mindist -pi") and
report whether such interactions occur and for what fraction of the trajectory. Without this
control, at least in the Supporting Information, I do not think the simulation-derived contact
dynamics are sufficiently trustworthy.

A second major concern is the treatment of ions. The manuscript makes important
conclusions about Na⁺ association and Na⁺-mediated bridging, but the atomistic ion model is
not explicitly stated. This is a reproducibility problem and also affects interpretation - for
example, standard Amber ions are known to bind too strongly to the oppositely charged
residues. In their results, one acidic residue appears to interact on average with roughly two
Na⁺ ions, which is not obviously expected from charge balance alone. The authors should
state the exact Na⁺/Cl⁻ parameters used, justify their compatibility with TIP4P-D and the
protein force field, and explicitly interpret why such a strong Na⁺ association with acidic
residues is observed.

More generally, because the manuscript is centered on contact lifetimes, the choice of the
atomistic force field needs stronger justification. Salt bridges, cation-pi contacts, pi-pi
stacking, ion coordination, and water-mediated interactions are all force-field-sensitive. Since
there is no direct experimental observable used here to validate the simulations, the authors
should discuss the expected limitations of the chosen force field (while I do acknowledge that
testing different force fields would be computationally too demanding).

I also find the sequence-comparison section somewhat confusing. The authors compare one
specific IDR, MUT-16 FFR, with the average properties of human IDRs and then frame it as
more representative than FUS LCD. It is not clear how informative this is because IDR
behavior depends strongly on sequence-specific patterning, molecular connectivity, and the
particular interaction network of each protein. Averages over human IDRs may provide a
broad context, but they do not necessarily define what is physically or biologically
representative for phase separation. In addition, FUS LCD is not intended to be a
representative human IDR; it is an unusually low-complexity, phase-separating domain.
Therefore, the "more representative than FUS" framing should be toned down. At most, this
analysis shows that MUT-16 FFR is compositionally less extreme than FUS LCD.

The ion- and water-bridging analyses are also potentially overinterpreted. A distance-based
simultaneous contact with two residues does not by itself establish functional mediation or
regulation of condensate dynamics. The authors should either add appropriate controls, such
as local-density-normalized baselines or randomized-contact expectations, or soften the
language to describe these as geometrically defined co-contact events rather than
mechanistic bridging interactions.
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Finally, the independence of the atomistic replicas is unclear. The manuscript should state
whether all ten all-atom simulations were initiated from the same coarse-grained condensate
configuration or from distinct CG frames. If the starting structures came from one CG
trajectory, the authors should report how far apart those frames were in simulation time and
provide evidence that the initial atomistic configurations are structurally independent. If
only velocities differ, the simulations should not be described as fully independent structural
replicas.

https://doi.org/10.7554/eLife.111559.1.sa0

Author response:

Response to the eLife Assessment

We thank the Editors and the Reviewers for their helpful suggestions, which will help us
strengthen and test the key conclusions of this study of condensate dynamics at atomic
resolution. In response to the Editors, we will make clearer in the Results and Discussion how
the present work advances beyond our initial study of MUT-16 condensates, the scaffold of
Mutator foci (Gaurav K et al., Biophys. J. 2025; 124:3987–4004). That study used a multiscale
approach — residue-level (CALVADOS2) and near-atomic (Martini3) coarse-grained
simulations together with in vitro experiments — to establish that the foci-forming region
(FFR) phase separates whereas the adjacent MUT-8-binding region (M8BR) does not, and used
atomistic simulations of that non-phase-separating region to dissect client–scaffold
recognition. In this way the multi-scale simulations helped to provide a molecular basis for
previous in vivo observations by Uebel et al. (PLOS Genet. 2018; 14(7):e1007542). That study
did not, however, resolve with atomic resolution the interactions within the phase-separated
FFR condensate itself. The present study addresses precisely this gap: from 10 µs of atomistic
molecular dynamics of the FFR condensate, we characterise the sub-µs contact dynamics and
the protein–ion and protein–water interactions that govern the condensed phase at atomistic
resolution — observables inaccessible to the coarse-grained models used previously, but key
to understanding the properties of Mutator foci and ultimately how they underpin biological
function in small RNA biology.

Reviewer 1:

(1) I have several questions regarding the system preparation that require clarification.
The authors state that "65 copies of the coarse-grained MUT-16 FFR were embedded in a
slab-shaped simulation," but it is not clear how this initial configuration was generated.
Were the molecules randomly distributed in the simulation box, or were they initially
arranged in a preformed condensate? Alternatively, were they randomly inserted and
allowed to self-assemble into a condensate during NpT simulations? In Figure 1, the
atomistic snapshot appears to show a well-defined condensate at the center of the
simulation box. It would be important to clarify how this configuration was obtained:
Was it generated from coarse-grained simulations starting from random initial
conditions? Or was a preassembled condensate used as input? Related to this, how do
the authors ensure that the simulations are equilibrated? While 20 μs appears to be a
reasonably long simulation time for coarse-grained simulations, it would be useful to
demonstrate equilibration explicitly. For example, the authors could plot the center-of-
mass positions (in the long axis of the simulation box) of individual proteins over time to
show that all molecules reach a steady state and remain within the condensate without
systematic drift.

We thank the reviewer for these important clarifying questions regarding system preparation
and equilibration.
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The initial structure for the atomistic simulation was generated by randomly inserting 65
copies of the coarse-grained MUT-16 FFR into a slab-shaped simulation box using the gmx
insert-molecules tool. The molecules were therefore not pre-arranged in a condensate;
instead, they were allowed to spontaneously self-assemble from this random configuration
during NpT simulations using the Martini3-IDP force field over 20 μs. The well-defined
condensate visible in Figure 1 is thus the product of this unbiased self-assembly process.

To make this workflow transparent to the reader, we will revise Figure 1 to include a two-
panel illustration of the Martini3 simulation: a snapshot at t = 0 ns showing the randomly
distributed chains, and a snapshot at t = 20 μs showing the assembled condensate, connected
by an arrow indicating the subsequent backmapping step to the atomistic representation. We
believe this will clearly communicate the sequential nature of the pipeline (random insertion
→ coarse-grained self-assembly → atomistic backmapping).

We appreciate the concrete suggestion for demonstrating equilibration. We will add a
supplementary figure showing the center-of-mass positions of individual protein chains
along the long axis of the simulation box as a function of simulation time. This will allow
readers to verify that molecules converge into the condensate phase and reach a steady state
without systematic drift, providing explicit evidence that 20 μs coarse-grained simulation
time is sufficient for equilibration under these conditions.

(2) The authors experimentally observe UCST behavior for these condensates. Do the
coarse-grained or atomistic simulations reproduce this behavior?

While atomistic simulations may be too computationally demanding to systematically
explore temperature dependence, coarse-grained simulations could be used to test
whether condensates are stable at lower temperatures and dissolve at higher
temperatures. Such an analysis would provide valuable support for the experimental
observations.

We thank the reviewer for this valuable suggestion. In previous coarse-grained simulations
we have used a coarse-grained force field that does not capture UCST vs LCST behavior
(Gaurav K et al. Biophys. J. 2025; 124:3987–4004). It will be very interesting to revisit these
coarse-grained simulations with a coarse-grained simulation force field that can capture
UCST and LCST behavior such as the Mpipi-T (Chakravarti & Joseph, Protein Sci
2025;34(10):e70284) and HPS-T models (Dignon GL et al. ACS Cent. Sci. 2019; 5(5):821–830). We
plan to perform additional coarse-grained simulations at multiple temperatures using the
HPS-T force field. The HPS-T model has been shown to capture UCST versus LCST behavior
(Changiarath A et al. bioRxiv 2024) in accordance with previous in vitro experiments. These
simulations will allow us to test whether the MUT-16 FFR condensates remain stable at lower
temperatures and dissolve at higher temperatures, providing direct computational support
for the experimentally observed UCST behavior. We will include this analysis in the revised
manuscript.

(3) Regarding the analysis of ions, several points could be clarified and extended:

a) It would be helpful to report the total number of ions and quantify how many are
located inside vs. outside the condensate. While qualitative trends can be inferred from
density profiles, quantitative analysis would strengthen the conclusions.

b) It would also be interesting to analyze the number of contact ion pairs (e.g., Na⁺-Cl⁻
pairs), as described in J. Chem. Phys. 156, 044505 (2022). It is known that some ion
models tend to overestimate ion pairing and underestimate solubility (e.g., J. Chem. Phys.
153, 010903 (2020)).
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c) In this context, the use of scaled-charge models has been shown to improve the
description of ionic solutions and biomolecular systems (e.g., J. Phys. Chem. Lett. 2019,
10, 23, 7531-7536). I would suggest that, at least for one trajectory, the authors perform
a test simulation using scaled charges (e.g., scaling by ~0.8) to evaluate whether ion
distributions and protein-ion interactions are significantly affected.

We thank the reviewer for these insightful suggestions regarding the ion analysis. We agree
that a more quantitative treatment of ion behavior would strengthen the manuscript. To
address all three points collectively, we will expand the existing Figure S7 with additional
panels. These will include quantitative counts of Na+ and Cl- ions partitioning inside versus
outside the condensate complementing the existing density profiles, the Na+–Cl- radial
distribution functions to estimate contact ion pair populations following J. Chem. Phys. 156,
044505 (2022).

Following the Reviewer suggestion we will run a simulation with scaled charges (~0.8 scaling
factor, J. Phys. Chem. Lett. 2019, 10(23):7531–7536) to evaluate the sensitivity of our results to
the choice of ion model. We will compare ion distributions obtained with standard versus
scaled charges . We will discuss the contact ion pair results in the context of known force field
limitations regarding ion pairing (J. Chem. Phys. 153, 010903 (2020)) and assess whether the
scaled-charge treatment leads to any qualitatively different conclusions.

(4) Finally, while the selected water model is known to be accurate, it would be useful to
assess its performance for concentrated salt solutions. For example, the authors could
estimate the density of a 6 m salt solution and compare it with experimental data or
validated models (e.g., J. Chem. Phys. 151, 134504 (2019)). This would help clarify to what
extent the conclusions depend on the chosen force field.

We thank the reviewer for this important suggestion. We agree that while the chosen water
model is well established for biomolecular simulations, its performance under concentrated
salt conditions is a legitimate concern that is worth explicitly validating in the context of this
work. We will perform a short bulk simulation of a 6 m NaCl solution and compute the
solution density, comparing it to experimental data (J. Chem. Phys. 151, 134504 (2019)). This
straightforward validation will allow us to quantify how well our water and ion force field
combination reproduces the thermodynamic properties of concentrated salt solutions, and to
transparently discuss any deviations and their potential implications for the ion partitioning
and protein–ion interaction results presented in the manuscript. The results will be added to
the supplementary information alongside the expanded ion analysis in Figure S7.

(5) In the Introduction, it would be helpful to elaborate further on the possible driving
forces of LLPS in this region. Are there prior hypotheses or evidence pointing to specific
interactions (e.g., cation-π, π-π, electrostatic interactions)? While this work addresses
these questions, a brief discussion of previous experimental or theoretical insights would
provide useful context.

We thank the reviewer for this helpful suggestion. We will expand the Introduction to briefly
discuss the known molecular driving forces of LLPS in IDR-containing proteins. Specifically,
we will discuss the role of π–π interactions between aromatic residues (Vernon et al. eLife
2018; 7:e31486), cation–π interactions between aromatic and positively charged residues such
as tyrosine–arginine pairs, which have been experimentally demonstrated to drive
condensate formation in proteins such as FUS (Qamar et al. Cell 2018; 173:720–734), and the
broader sequence-encoded molecular grammar governing these interactions in prion-like
RNA-binding proteins (Wang et al. Cell 2018; 174:688–699, Rekhi et al. Nat Chem 2024
16:1113–1124 ). We will discuss previous findings on how ions shape interactions in
condensates (MacAinsh et al. eLife 2024; 13:RP100282). We will also note the contribution of
electrostatic interactions arising from charge patterning within the IDR, and contextualize
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how these general principles apply to the specific sequence composition of MUT-16 FFR,
motivating the simulation-based investigation presented in this work.

(6) On page 18, the authors state: "MUT-16 FFR satisfies the length (172 residues),
aromatic content (20.35%), and Arg enrichment (85.71%) criteria. Its charge content
(10.47%) and charge balance (38.89% positive charge fraction) are slightly below the
nominal thresholds." It would be very helpful to include a schematic representation of
the protein sequence highlighting these features (aromatic residues, charge distribution,
etc.) in the corresponding figure, to provide a more intuitive understanding.

We thank the reviewer for this helpful suggestion. We will include a figure showing a
schematic representation of the MUT-16 FFR sequence, with aromatic residues, charged
residues (positive and negative), and arginine content highlighted.

(7) A question regarding ion hydration: What is the coordination environment of the ions
that bridge proteins? Are they still hydrated by water molecules, or does the reduced
water content inside the condensate significantly affect their solvation. Typically, Na+ and
Cl- ions have coordination numbers around 5-6 in aqueous solution. Do protein
interactions and reduced solvent conditions within the condensate alter this
coordination? A brief analysis or discussion would be valuable.

We will calculate the coordination numbers of Na⁺ and Cl⁻ ions that mediate residue–residue
bridging interactions inside the condensate and compare them against ions in the bulk dilute
phase. This will directly reveal the degree to which bridging ions retain or lose their
hydration shell when engaging with protein residues, and whether the condensate
environment meaningfully perturbs ion solvation. The results will be presented as an
additional figure in the Supplementary Information.

Reviewer 2:

(1) The large amount of detail in the results section sometimes makes it difficult to
identify the central take-home messages. I encourage the authors to more clearly
highlight the principal findings and the physical insights that may generalize to other
condensate-forming systems. The authors may also consider streamlining parts of the
Results section to improve focus and readability.

We thank the reviewer for this constructive feedback. We will revise the Results section by
adding brief concluding remarks at the end of each subsection that explicitly state the key
physical insight emerging from that analysis. We will consider which secondary findings can
be moved to the Supplementary Information. We will also strengthen the Conclusion section
to more clearly distil the principal findings of the study as a whole and highlight the broader
insights that may generalize to other condensate-forming systems, ensuring the central take-
home messages are clearly communicated to the reader.

Reviewer 3:

(1) In its current form, several technical issues need to be addressed before the main
conclusions can be considered robust. Most importantly, the simulated sequence is 172
residues long, while the atomistic slab has box dimensions of only 12 nm in two
directions. This length scale is comparable to the expected end-to-end distances of a
disordered 172-residue chain. It is therefore not clear whether individual protein chains
interact with their own periodic images, which could substantially affect overall chain
dynamics and subsequently bias contact lifetimes, residue-residue interaction statistics,
and the inferred condensate dynamics. The authors should check, for each chain,
histograms of end-to-end distances. For chains for which more than ~2-3% of the end-to-
end distances exceed ~11 nm, the authors should explicitly check for self-image
interactions (for example, using "gmx mindist -pi") and report whether such interactions
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occur and for what fraction of the trajectory. Without this control, at least in the
Supporting Information, I do not think the simulation-derived contact dynamics are
sufficiently trustworthy.

We thank the reviewer for raising this important point. Indeed the box size in x and y
dimensions is only marginal, which may influence the dynamics in our simulations and could
affect our conclusions. In response, we will perform a control simulation with a larger box,
increasing the x and y dimensions to ~16 nm. We will compare the contact dynamics of the
resulting trajectory with our original results. This control simulation is initiated from an
independently assembled coarse-grained condensate (see our response to Question 6) and
therefore also addresses the replica-independence concern raised there.

(2) A second major concern is the treatment of ions. The manuscript makes important
conclusions about Na+ association and Na+-mediated bridging, but the atomistic ion
model is not explicitly stated. This is a reproducibility problem and also affects
interpretation - for example, standard Amber ions are known to bind too strongly to the
oppositely charged residues. In their results, one acidic residue appears to interact on
average with roughly two Na⁺ ions, which is not obviously expected from charge balance
alone. The authors should state the exact Na+/Cl- parameters used, justify their
compatibility with TIP4P-D and the protein force field, and explicitly interpret why such a
strong Na+ association with acidic residues is observed.

We thank the reviewer for raising this important point. We will explicitly state in the Methods
section how the Na+ and Cl- ions, including the force field parameters of the ions, were
modelled in our setup, and discuss its compatibility with TIP4P-D and the protein force field.
In the presented simulations we have used the Joung and Cheatham parameters (Joung et al,
J. Phys. Chem. B 2008, 112 (30), 9020–9041) with σ = 0.243934 nm and ε = 0.365846 (kJ mol-1)
for Na+ and σ = 0.447766 nm and ε = 0.148913 (kJ mol-1) for Cl-. While similar setups have
been used, these ion parameters have not been optimized for TIP4P-D (originally developed
for TIP3P water) and thus a lack of compatibility of the parameters could affect our
conclusions.

In response to the Reviewer and also in response to Reviewer 1 (Question 3), we will perform
a sensitivity check by running an additional molecular dynamics simulation with scaled ion
parameters as suggested by Reviewer 1 ( J. Phys. Chem. Lett. 2019, 10, 23, 7531-7536). In this
way we will assess to what extent the degree of Na+ association with acidic residues is
sensitive to the choice of ion parameters and discuss the implications for our conclusions
regarding Na⁺-mediated bridging interactions.

(3) More generally, because the manuscript is centered on contact lifetimes, the choice of
the atomistic force field needs stronger justification. Salt bridges, cation-pi contacts, pi-pi
stacking, ion coordination, and water-mediated interactions are all force-field-sensitive.
Since there is no direct experimental observable used here to validate the simulations,
the authors should discuss the expected limitations of the chosen force field (while I do
acknowledge that testing different force fields would be computationally too
demanding).

We thank the reviewer for this fair comment. We will add a short discussion justifying the
choice of both TIP4P-D and Amber99sb-star-ILDN-q force field, discussing their performance
for disordered proteins. We will explicitly acknowledge that absolute contact lifetime values
should be interpreted with caution given the inherent force field sensitivities of salt bridges,
cation-π, and π-π interactions, while relative trends and qualitative insights are expected to
be more robust. We believe this transparent discussion will strengthen the manuscript and
place our findings in the appropriate context for the reader.
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(4) I also find the sequence-comparison section somewhat confusing. The authors
compare one specific IDR, MUT-16 FFR, with the average properties of human IDRs and
then frame it as more representative than FUS LCD. It is not clear how informative this is
because IDR behavior depends strongly on sequence-specific patterning, molecular
connectivity, and the particular interaction network of each protein. Averages over
human IDRs may provide a broad context, but they do not necessarily define what is
physically or biologically representative for phase separation. In addition, FUS LCD is not
intended to be a representative human IDR; it is an unusually low-complexity, phase-
separating domain. Therefore, the "more representative than FUS" framing should be
toned down. At most, this analysis shows that MUT-16 FFR is compositionally less extreme
than FUS LCD.

We thank the reviewer for this valid criticism. We agree that the framing of MUT-16 FFR as
"more representative than FUS LCD" is an overstatement, and we will revise the text
accordingly. The comparison against human IDR averages was intended to provide broad
compositional context rather than make claims about functional or dynamical
representativeness, and we will make this distinction explicit. We will reframe the statement
to simply note that MUT-16 FFR is compositionally less extreme than FUS LCD, without
implying broader representativeness, which as the reviewer correctly points out cannot be
inferred from sequence composition alone given the strong dependence of IDR behavior on
sequence-specific patterning and interaction networks.

(5) The ion- and water-bridging analyses are also potentially overinterpreted. A distance-
based simultaneous contact with two residues does not by itself establish functional
mediation or regulation of condensate dynamics. The authors should either add
appropriate controls, such as local-density-normalized baselines or randomized-contact
expectations, or soften the language to describe these as geometrically defined co-
contact events rather than mechanistic bridging interactions.

We thank the reviewer for this valid point. We agree that distance-based co-contact events do
not by themselves establish mechanistic bridging or functional regulation, and we will revise
the manuscript language throughout to describe these observations as geometrically defined
co-contact events rather than mechanistic bridging interactions. We will also explore
appropriate controls such as local-density normalized baselines or randomized-contact
expectations. In this respect we will also consider our results in light of a recent paper that
showed that salt-bridges are overestimated in atomistic molecular dynamics simulations
(Ivanović et al, JACS Au 2026, 6(3), 1900–1913). We will ensure the interpretation is
appropriately cautious and does not overstate the mechanistic implications of these findings.

(6) Finally, the independence of the atomistic replicas is unclear. The manuscript should
state whether all ten all-atom simulations were initiated from the same coarse-grained
condensate configuration or from distinct CG frames. If the starting structures came
from one CG trajectory, the authors should report how far apart those frames were in
simulation time and provide evidence that the initial atomistic configurations are
structurally independent. If only velocities differ, the simulations should not be described
as fully independent structural replicas.

We thank the reviewer for this important clarification request. We confirm that all ten
atomistic replicas were initiated from the same coarse-grained condensate configuration
following backmapping, but were equilibrated independently using different random
velocity seeds. Only the last 800 ns of each trajectory was used for analysis, discarding the
initial 200 ns as equilibration. We will add these details explicitly to the Methods section and
make clearer that these simulations are not fully independent structural replicas. We will
report the overlap of residue–residue contact maps between replicas to provide an indication
of how the contact statistics have decorrelated, given the shared starting structure.
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In response to this question and also question 1, we are initiating an all-atom simulation from
an independently formed CG condensate (16 nm x 16 nm x 60 nm). This will provide a
valuable check as to the conclusions from our ten initial simulation trajectories.
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