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Abstract

Intracellular liquid–liquid phase separation (LLPS) of proteins and nucleic acids is a funda-

mental mechanism by which cells compartmentalize their components and perform essen-

tial biological functions. Molecular simulations play a crucial role in providing microscopic

insights into the physicochemical processes driving this phenomenon. In this study, we sys-

tematically compare six state-of-the-art sequence-dependent residue-resolution models to

evaluate their performance in reproducing the phase behaviour and material properties of

condensates formed by seven variants of the low-complexity domain (LCD) of the hnRNPA1

protein (A1-LCD)—a protein implicated in the pathological liquid-to-solid transition of stress

granules. Specifically, we assess the HPS, HPS-cation–π, HPS-Urry, CALVADOS2, Mpipi,

and Mpipi-Recharged models in their predictions of the condensate saturation concentra-

tion, critical solution temperature, and condensate viscosity of the A1-LCD variants. Our

analyses demonstrate that, among the tested models, Mpipi, Mpipi-Recharged, and CAL-

VADOS2 provide accurate descriptions of the critical solution temperatures and saturation

concentrations for the multiple A1-LCD variants tested. Regarding the prediction of material

properties for condensates of A1-LCD and its variants, Mpipi-Recharged stands out as the

most reliable model. Overall, this study benchmarks a range of residue-resolution coarse-

grained models for the study of the thermodynamic stability and material properties of con-

densates and establishes a direct link between their performance and the ranking of inter-

molecular interactions these models consider.

Author summary

Molecular simulations have proved to be invaluable for gaining microscopic insights of

the physicochemical processes underlying the formation of membraneless organelles—

e.g., biomolecular condensates—in the cell. Computational efficiency and predictive
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accuracy are mandatory requirements for biophysical models aiming to elucidate the

phase behaviour of condensates. In this study, we evaluate the performance of several

state-of-the-art residue-resolution protein models in describing the phase diagram and

material properties of condensates formed by different intrinsically disordered mutants of

the low-complexity domain of hnRNPA1. This protein plays a key role in the stabilization

and pathological solidification of the stress granules, a type of cytoplasmic condensates

whose liquid-to-solid transition has been associated to the onset of multiple neurodegen-

erative disorders. Our results, besides serving as a benchmark for different models to

describe protein liquid-liquid phase-separation, further establish a direct relation between

individual intermolecular interactions and condensate phase behaviour. We conclude that

the central intermolecular interactions dictating the phase behaviour of the hnRNPA1

low-complexity domain—the key protein domain involved in phase-separation and fibril-

lization—are predominantly cation-π interactions, including arginine-tyrosine and argi-

nine-phenylalanine contacts, as well as π-π interactions mediated by tyrosine and

phenylalanine contacts.

1 Introduction

The formation of intracellular membraneless organelles (MLOs), known as biomolecular con-

densates, represents an essential mechanism enabling the spatiotemporal organisation and

functional regulation of the cell material [1–3]. Biomolecular condensates contain a wide vari-

ety of biomolecules, including intrinsically disordered proteins (IDPs), multi-domain proteins,

and DNA or RNA strands. These condensates are thought to form via spontaneous demixing

of biomolecules by means of liquid-liquid phase separation (LLPS). Biomolecular condensates

have been linked to diverse biological functions, such as cell signalling [4–6], buffering protein

concentrations [7, 8], compartmentalisation [7–10], genome silencing [11, 12], or noise buffer-

ing [13–15] among others [16, 17]. Many naturally occurring phase-separating proteins—such

as the widely studied fused in sarcoma (FUS) [18–20], the TAR DNA-binding protein of

43kDa (TDP-43) [20–22], or the heterogeneous nuclear ribonucleoprotein A1 (hnRNPA1)

[23, 24]—are multi-domain proteins that contain intrinsically disordered regions (IDRs).

IDRs confer multi-valency to such proteins, as they can establish multiple transient intermo-

lecular interactions, which have been consistently shown to promote condensate formation via

phase separation [25–28]. Some of the IDRs present in phase-separating proteins are charac-

terized by having amino acid sequences of low complexity, and thus are termed low-complex-

ity domains (LCD). Besides promoting condensate formation, LCDs can also trigger the

progressive rigidification of liquid-like biomolecular condensates into solid-like states [29–31].

The liquid-to-solid transition of condensates has been linked to the onset of several neurode-

generative pathologies, such as amyotrophic lateral sclerosis (ALS) [32–34], frontotemporal

dementia (FTD) [35, 36], or Alzheimer [37, 38], and even to some types of cancer [17, 39, 40].

Thus, unravelling the conditions, factors, and interactions regulating protein self-assembly,

and their subsequent potential liquid-to-solid transition into aberrant solid states represents

an urgent challenge in cell biology [25, 34].

Uncovering the factors governing the phase behaviour of biomolecules represents a com-

plex challenge, requiring an integrated approach that combines both experimental and

computational methodologies [2, 41, 42]. Biomolecular modelling and simulations play a

pivotal role in unravelling the underlying mechanisms and parameters driving to phase
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separation. These approaches offer detailed insights into the forces mediating interactions

between biomolecules, enhancing our understanding of the processes that govern their

assembly [41–43]. Biomolecular simulations can widely vary in resolution and performance

of the models used, spanning from atomistic models [44–47]—where all atoms in the system

are described explicitly but only a few proteins or protein segments can be studied—to

coarse-grained models [48–51]—where groups of several atoms, or even whole proteins, are

represented by a single particle and the interactions among particles are simplified to

improve computational efficiency, allowing the investigation of systems with hundreds of

biomolecules. Amongst these, sequence-dependent coarse-grained models, which have a res-

olution of one-bead per amino acid, have become the method of choice for probing the link

between amino acid sequence and phase behaviour [41, 52–61]. These models have been

used to gain insights on molecular mechanisms explaining the phase behaviour of many dif-

ferent proteins [62–68], as well as the impact of other biomolecules—e.g. RNA, DNA and

chromatin—in controlling condensate architecture, stability, or transport properties of con-

densates [47, 69, 70]. Through iterative refinement and validation against experimental

benchmarks, these sequence-dependent coarse-grained models are continuously advancing

and provide valuable insights into the intricate relationships between protein sequence,

structure, dynamics, and their collective phase behaviour [42, 52].

Experimental measurements are one of the fundamental baselines to guide the development

and testing the performance of sequence-dependent models for studying protein phase behav-

iour [52, 53]. Approaches for the parametrization of sequence-dependent coarse-grained mod-

els include using experimentally-derived hydrophobicity scales [43, 54] machine-learning

algorithms [41, 55, 57], and combining bioinformatic analyses with atomistic simulations [53,

61]. A common approach for testing the performance of sequence-dependent coarse-grained

models has been comparison against in vitro measurements of single-molecule radius of gyra-

tion (Rg) [71–75] of IDPs [41, 56, 59, 76]. Sequence-dependent coarse-grained models, like

Mpipi [53] and Mpipi-Recharged [61], have been tested instead by comparing their predic-

tions against experimental phase diagrams of protein solutions [77]. Therefore, experimental

efforts providing temperature-dependent coexistence lines, single-protein radius of gyration,

or viscosity values are enormously valuable, aside of their own interest, to assess the predictive

capability of coarse-grained (CG) models [77, 78].

In this work, we benchmark the performance of six residue-resolution CG models by evalu-

ating their predictions of the saturation concentration and temperature-vs-density phase dia-

grams for several hnRNPA1-LCD (referred to as A1-LCD hereafter) mutants against in vitro
experimental data [77, 78]. The models under evaluation are: HPS [43], HPS-cation–π [56],

HPS-Urry [54], CALVADOS2 [55], Mpipi [79], and Mpipi-Recharged [61]. Our analysis high-

lights the sensitivity of these coarse-grained models in capturing the effects of sequence modi-

fications on the propensity of A1-LCD condensates to form. In addition, we test the ability of

the models to capture condensate viscosity. This is a particularly challenging benchmark, as

condensate viscosity is not an explicit target property in the parametrization of any of these

models. Nevertheless, we consider this as a critical test since accurately capturing viscosity

reflects the models’ capacity to balance the diverse biomolecular forces that stabilize conden-

sates. Thus, how well the models predict condensate viscosity is directly linked to the quality of

their parametrizations of amino acid pairwise interactions. After establishing the differences in

the model predictions for the experimental phase behaviour of A1-LCD [77, 78], we analyse

the protein intermolecular contact maps and the most frequent residue–residue interactions

within condensates for the studied mutants, with the aim to elucidate key differences among

the various models. Overall, our findings contribute to the refinement of residue-resolution
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coarse-grained models and describe how changes in model parametrizations impact differ-

ently a range of biophysical properties of condensates.

2 Results

2.1 Prediction of A1-LCD coexistence lines using different sequence-

dependent models

The determination of the phase diagram establishes the thermodynamic conditions to investi-

gate the formation and stability of biomolecular condensates [80, 81]. Numerous experiments

have consistently shown how aromatic residues represent key ‘stickers’ to sustain protein

phase separation of prion-like domain proteins [23, 77, 78, 82, 83]. Therefore, to evaluate the

performance of different models such as the HPS [52], HPS-cation–π [56], HPS-Urry [54],

CALVADOS2 [55], Mpipi [53] and Mpipi-Recharged [61] in reproducing condensate behav-

iour (see Section 4.1 for technical details about the models), we consider the different mutants

of A1-LCD reported in Ref. [78] that display multiple variations in the type of aromatic resi-

dues along their sequence (see S1 Table to visualize the studied sequences). These variants are

the following: (1) WT+NLS which corresponds to the A1-LCD wild-type sequence, which fea-

tures a nuclear localization signal [78] and contains 8 tyrosines (Y) and 12 phenylalanines (F);

(2) allF with 19F; (3) allY with 19Y; (4) allW with 19 tryptophans (W); (5) YtoW with 7W and

12F; (6) FtoW with 7Y and 12W; and (7) W− with 13W. Importantly, the mutations in all vari-

ants are performed on the aromatic residues conserving the sequence patterning and just

changing the chemical identity of the residues [78].

We compute the temperature-vs-density phase diagrams of the aforementioned sequences

by performing Direct Coexistence (DC) [84, 85] Molecular Dynamics (MD) simulations of

protein solutions (see Fig 1A and Section 4.3 for further methodological details). In the DC

method, the two coexisting phases are simulated by preparing periodically replicated slabs of

the two phases (the condensed and the diluted phase) in the same simulation box. Once the

Fig 1. (A) Snapshots of a Direct Coexistence (DC) simulation used to calculate the phase diagram and critical temperature of A1-LCD (WT+NLS) protein,

where each protein replica has a different colour. Top panel exhibits phase separation with a distinguishable condensed and diluted phase as depicted by the

associated density profile. Bottom panel represents a system above the critical solution temperature where no phase separation occurs and a single phase is

detected across the density profile. B-G Temperature–density phase diagrams of A1-LCD variants calculated via DC simulations employing the HPS (B),

HPS-cation–π (C), HPS-Urry (D), CALVADOS2 (E), Mpipi (F) and Mpipi-Recharged (G) models. Critical temperatures are represented by empty circles

while filled circles depict coexistence densities obtained from DC simulations. The lines serve as a guide to the eye. The colour coding is preserved

throughout all the panels for all the variants as indicated in the legend of panel B.

https://doi.org/10.1371/journal.pcbi.1012737.g001
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system is equilibrated, a density profile along the long axis of the box can be extracted to com-

pute the density (or concentration) of the two coexisting phases after a production run

of * 1μs (please see S1 Video for a representative trajectory of our DC simulations). Impor-

tantly, we note that none of the six employed models includes explicit solvent, hence, effec-

tively in our DC simulations the protein diluted phase corresponds to a vapour phase. In Fig

1A, a typical snapshot of the simulation slab is shown together with the associated density pro-

file below the critical temperature (Top panel), and above the critical point (Bottom panel),

where a single phase is present.

The phase diagrams for the seven A1-LCD variants, computed using six different models,

are shown in Fig 1B–1G. These diagrams highlight the varying sensitivity of the models in cap-

turing the effects of specific amino acid mutations across the protein sequence. Among the

models, Mpipi and Mpipi-Recharged (Fig 1F and 1G, respectively) display the largest variation

in the critical temperature (Tc), with Tc spanning more than 100 K from the lowest to the high-

est value across the variants. In contrast, the Tc values predicted by the HPS and HPS-family

models vary by only about 30 K between the lowest and highest values (Fig 1B–1D). Despite

this, the HPS-Urry model (Fig 1D) demonstrates greater sensitivity to amino acid mutations,

as evidenced by the larger spacing in Tc values among the variants.

The HPS model [76] represents amino acid pair interactions using a Ashbaugh-Hatch

potential parametrized based on the Kapcha and Rossky (KR) hydrophobicity scale [86]. Spe-

cifically, the hydrophobicity values from the KR scale (λi, where i is the amino acid) are used to

define the interaction strength parameter of the Lennard-Jones term in the Ashbaugh-Hatch

potential for each amino acid type. To determine the Lennard-Jones parameters for interac-

tions between different amino acid types, the model uses the Lorentz-Berthelot mixing rules.

The HPS model also incorporates salt-screened charge–charge interactions modelled through

a Debye-Hückel potential. The HPS-cation–π model [56] is a reparametrization of the HPS

model that enhances the relative strength of all cation–π pair interactions to better capture the

experimentally observed phase separation propensity of DDX4 IDR variants [87]. More

recently, the HPS-Urry model [54] was developed to improve the predictive accuracy of the

HPS family of models. This version replaces the KR hydrophobicity scale with the Urry hydro-

phobicity scale [88], enabling improved predictions of the effects of R-to-K and Y-to-F muta-

tions on the phase behaviour of protein solutions.

The CALVADOS family of models [41, 55], including the CALVADOS2 model tested here,

builds on the foundation of the HPS model. However, instead of using a hydrophobicity scale

to define the λi values, and subsequently the Lennard-Jones parameters, the CALVADOS

models employ a Bayesian learning approach. In this approach, the λi values for all amino

acids are optimized to achieve agreement with experimental single-molecule radii of gyration

and paramagnetic relaxation enhancement (PRE) nuclear magnetic resonance (NMR) data

across a broad range of intrinsically disordered regions (IDRs).

In contrast, the Mpipi model [53], developed by our group, takes a fundamentally differ-

ent approach by abandoning the Lorentz-Berthelot mixing rules and instead defining amino

acid pair interactions in a pair-specific manner. Additionally, the model uses the Wang-

Frenkel potential, which offers greater flexibility and computational efficiency compared to

the Lennard-Jones potential. For charge–charge interactions, Mpipi employs a Debye-

Hückel potential, similar to the HPS and CALVADOS families. However, we recently intro-

duced the Mpipi-Recharged model [61], which enhances the original Mpipi model by refin-

ing its description of electrostatic interactions. Specifically, Mpipi-Recharged replaces the

pair-agnostic Debye-Hückel potential with a pair-specific, non-symmetric Yukawa potential.

This parametrization is based on atomistic simulations of amino acid pairs in explicit water

with ions, allowing for a more accurate depiction of charge effects. By abandoning mixing
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rules in the Wang-Frenkel potential (in both Mpipi and Mpipi-Recharged models) and

incorporating amino acid-specific descriptions of charge interactions (in the Mpipi-

Recharged), the Mpipi family of models addresses critical limitations of standard mixing

rules. These rules may fail to capture nuanced biomolecular interactions, such as the subtle

balance between aromatic stacking, cation–π interactions, and charge–charge interactions.

Treating pair interactions explicitly enables the Mpipi models to achieve excellent agreement

with experimental data [53, 61, 68, 89]. This pair-specific approach does not only improve

accuracy but also provides a more detailed understanding of the molecular forces driving

phase behaviour [61].

To provide additional context on the differences between the models and their resulting

phase diagrams, S1 Fig presents the relative interaction strength maps for each model, encom-

passing both hydrophobic and electrostatic interactions between all amino acid pairs. These

interaction maps reveal significant differences in how interactions are parametrized in the

models for the aromatic residues Y, F, and W. In the HPS and HPS-cation–π models, the

strength of interactions between aromatic residues and the rest of the amino acids are rela-

tively homogeneous. In contrast, Mpipi, Mpipi-Recharged, CALVADOS2, and HPS-Urry dis-

play more pronounced differences in their energy scales, with W> Y> F in terms of

interaction strength. The variations in the energy scale of the models and the relative strength

of interactions among amino acid pairs strongly influence how sensitive each model is to spe-

cific (aromatic) sequence mutations and their impact on the encoded phase behaviour. Models

with greater differences in interaction strengths for aromatic residues tend to show enhanced

sensitivity to mutations, as reflected in their broader Tc ranges and the corresponding phase

diagrams shown in Fig 1B–1G.

The temperature-vs-concentration phase diagram of three of these sequences (WT+NLS,

allY, and allF) has been recently measured in vitro [77, 78]. By fitting critical solution tempera-

tures from the experimental data, we now establish a direct comparison between modelling

and experiments so we can assess the ability of the models to predict A1-LCD phase behaviour.

Accordingly, the phase diagrams in Fig 2 are plotted as a function of the protein concentration

(and in logarithmic scale) to evaluate their predictive capability against experiments in the

diluted phase. Determining the protein concentration in the diluted phase—specifically, the

saturation concentration—poses significant challenges for Direct Coexistence simulations,

particularly at low temperatures, due to the limited sampling inherent to these simulations

[68].

As illustrated in Fig 2A, the HPS model [76] consistently underestimates the critical solu-

tion temperatures for the three A1-LCD variants tested. When comparing the predicted criti-

cal temperatures from simulations (orange symbols in Fig 3) with the corresponding

experimental values (derived by us from coexistence concentrations reported in Ref. [77]), the

trend line deviates significantly from the perfect-fit reference (black line with a slope of 1 and

intercept of 0; Fig 3). This suggests that the HPS model does not effectively capture the impact

of aromatic amino acid mutations on the critical solution temperatures of the A1-LCD system.

The discrepancy is likely due to the parametrization of this early version of the HPS model,

which relies on the KR hydrophobicity scale [76, 86]. In the KR scale, F is ranked as more

hydrophobic than W, and W is ranked as more hydrophobic than Y, potentially misrepresent-

ing the relative contributions that these aromatic residues have in the phase separation of these

systems.

In contrast, the Urry hydrophobicity scale [88] ranks the hydrophobicity of aromatic resi-

dues as W> Y> F. Consistently with this, the HPS-Urry model qualitatively captures the

experimental trend in the relative phase separation propensities of the WT+NLS, allF, and allY

variants, as indicated by the violet symbols in Fig 3. While the predicted order of phase
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separation propensities is correct, the absolute values of the critical solution temperatures pre-

dicted by the HPS-Urry model deviate significantly (by about *20% on average) remaining

consistently lower than the fitted experimental data (Fig 2C).

The HPS-cation–π model [56] predicts higher-than-expected critical temperatures (approx-

imately *30% higher on average) for the three variants (Figs 2 and 3). This discrepancy can

be attributed to a substantial overestimation of cation–π interactions in the HPS-cation–π
model (S1 Fig). Importantly, the high discrepancy in the predicted critical temperature values

between the HPS-cation–π and HPS/HPS-Urry models highlights the prominence of cation–π
interactions within A1-LCD condensates.

The CALVADOS2 model predicts coexistence lines that are, on average, very close to the

experimental values (critical solution temperatures within approximately *5% of the values

fitted by us from experiments). While the values are very close to the experimental ones, the

relative ordering among the three variants deviates from the experimental trend (pink data in

Fig 3). It is important to note that the CALVADOS2 model was not specifically designed to

predict critical solution temperatures, and this evaluation goes beyond its intended scope. In

this context, a recent study by our group [89], consistent with prior research [41, 55, 91],

emphasizes that models developed to capture single-molecule properties of IDRs do not neces-

sarily reproduce condensate coexistence lines. While diverse parametrizations can yield rea-

sonable predictions for radii of gyration for diverse IDRs, the accurate prediction of phase

diagrams represents a far more rigorous and demanding validation test [89].

The Mpipi model has demonstrated excellent performance in describing the phase behav-

iour of prion-like domain proteins [53, 68]. Consistently, our tests show that Mpipi accurately

Fig 2. Experimental (solid stars) vs. simulated (empty circles) phase diagrams for the WT+NLS, allF, and allY variants of A1-LCD using different

models: HPS (A), HPS-cation–π (B), HPS-Urry (C), CALVADOS2 (D), Mpipi (E), and Mpipi-Recharged (F).

https://doi.org/10.1371/journal.pcbi.1012737.g002
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predicts the order of the critical solution temperatures for the WT+NLS, allF, and allY variants

(cyan symbols in Fig 3). This agreement arises from the Mpipi model’s parametrization, which

ranks the interactions of the three aromatic residues as W> Y> F. Despite its qualitative

accuracy, Fig 2E reveals that Mpipi slightly overestimates the critical solution temperatures for

all three variants, with an average deviation of approximately 6%. Importantly, our analysis

reveals that the improved Mpipi-Recharged model achieves the highest level of accuracy in

reproducing experimental values, successfully capturing both the trend and the absolute criti-

cal solution temperatures for the three variants with deviations of less than *3% (green sym-

bols in Fig 3).

Overall, this analysis demonstrates that CALVADOS2, Mpipi, and Mpipi-Recharged offer a

robust and accurate description of the condensate phase behaviour for A1-LCD aromatic

mutants. In contrast, while the HPS-Urry model qualitatively captures the experimental

phase-separation tendencies, it exhibits significant deviations in its quantitative predictions of

critical solution temperatures.

2.2 Comparison of the phase-separation saturation concentration between

experiments and simulations

The concentration threshold above which biomolecular phase separation becomes thermody-

namically favourable at a given temperature—Csat(T)—is one of the critical quantities that can

be controlled by cells to trigger condensate formation and dissolution on demand [7, 92]. In

that sense, in vitro studies are extremely useful to characterise such threshold, determining the

border between a single homogeneous phase and the emergence of phase separated conden-

sates [77, 93–95]. Most of these studies have focused on measuring Csat at physiological condi-

tions of salt, pH, and temperature [22, 24, 93, 95–100]. However, recent studies have also

reported how Csat varies with temperature and measured the highest temperature values

beyond which phase separation is no longer achievable [77, 78]. The saturation concentration

Fig 3. Comparison of the critical temperatures of WT+NLS (circles), allF (stars), and allY (triangles) calculated in

simulations and estimated from experiments (by applying the law of rectilinear diameters and critical exponents

[90] to measurements of saturation concentrations at several temperatures [77, 78]). The black solid line indicates

perfect correlation between experimental and simulation results.

https://doi.org/10.1371/journal.pcbi.1012737.g003
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quantifies the ability of a given protein to phase separate, thus, the higher the value, the lower

propensity to form condensates [22, 24, 93, 97]. Similarly, for condensates that present upper

critical solution temperatures (herein critical temperature), the critical temperature evaluated

through DC simulations serves as a direct indicator of the ability of a protein to undergo phase

separation [69]. Indeed, the in vitro experimental values of saturation concentrations of the

A1-LCD variants [77] seem to correlate inversely with the critical solution temperatures that

we can fit from the experimental coexistence densities [77]. A higher critical temperature is

directly indicative of greater thermodynamic stability of the condensates. Thus, we can corre-

late the critical temperature obtained from simulations to the experimental saturation concen-

tration at a given constant temperature (e.g., 298 K) to obtain a qualitative overview of the

models sensitivity for describing protein phase behaviour as a function of specific sequence

mutations [61, 69].

In Fig 4, we show the simulated critical temperatures (normalised by the critical tempera-

ture of WT+NLS) against the experimental saturation concentrations [78] measured at 298 K

for the different A1-LCD mutants. The experimental Csat vary significantly, changing by more

than 2 orders of magnitude among the variants studied [78]. Thus, the comparison we perform

in this section tests the sensitivity of the six different models to describe the impact of muta-

tions on modulating the thermodynamic stability of A1-LCD condensates (Fig 4A–4F).

To compare the predictions of the various models, we establish a linear relationship

between the normalised critical solution temperatures and the experimental saturation con-

centrations, expressed as Tc=TWTþNLS
c ¼ mCEXP

sat þ b, where m is the slope and b is a constant.

Fig 4. Predicted critical temperature (normalised by the critical temperature of the WT+NLS sequence) for the different models HPS (A), HPS-

cation–π (B), HPS-Urry (C), CALVADOS2 (D), Mpipi (E), and Mpipi-Recharged (F) vs. the experimental saturation concentration at 298 K reported

in Ref. [78] for the different A1-LCD mutants. The panels include the Pearson correlation coefficient (r) and the slope (m) from a linear fit to the data.

The error bars show the uncertainty in the critical temperature associated to its calculation using the laws of critical exponents and rectilinear diameters

(see further details in Section 4.3).

https://doi.org/10.1371/journal.pcbi.1012737.g004
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We use r (the Pearson correlation coefficient) to quantify the quality of the fit. Notably, the

HPS and HPS-cation–π exhibit the smallest absolute values for the slope m in this relationship,

ranging from −0.5 × 10−2 to −0.8 × 10−2mM−1. This indicates that the critical temperatures

predicted by these two models are only weakly affected by the mutations studied here (Fig 4A

and 4B, respectively). Furthermore, the quality of the fit is relatively low for the HPS

(r = 0.3952) and HPS-cation–π models (r = 0.4179), suggesting a poor correlation between

their predicted critical temperatures and the experimental trends for Csat.

The Mpipi and Mpipi-Recharged models predict the most significant changes in critical

temperature as a function of the variations in saturation concentration among the variants

(Fig 4E and 4F, respectively). This is reflected in the steep values of their slopes, −4.6 × 10−2

and −5.6 × 10−2mM−1, respectively. Additionally, both models exhibit the strongest linear cor-

relation with the experimental data, achieving Pearson correlation coefficients exceeding 0.98.

Finally, the HPS-Urry and CALVADOS2 models exhibit intermediate performance com-

pared to the HPS/HPS-cation–π and Mpipi/Mpipi-Recharged models. The critical tempera-

tures predicted by both HPS-Urry and CALVADOS2 display a strong linear correlation with

the experimental Csat values, achieving Pearson correlation coefficients above 0.91. However,

both models predict only a moderate decrease in Tc as a function of changes in the saturation

concentration of the variants studied (Fig 4C and 4D). Because the CALVADOS2 model was

not specifically designed to predict critical solution temperatures, this evaluation extends

beyond the model’s intended scope.

Building on these results, we now focus on the CALVADOS2, Mpipi, and Mpipi-Recharged

models to further investigate the phase behaviour of A1-LCD mutants. Specifically, we use

these models to compute the saturation concentration at 298 K (Csat) by extensively sampling

the equilibrium protein concentration in the diluted phase in coexistence with the condensates

through Direct Coexistence simulations. Estimating Csat using this approach is computation-

ally demanding due to the inherent challenges of sampling the diluted phase, particularly at

low temperatures [68]. The diluted phase contains a very low concentration of molecules,

meaning there are intrinsically few particles present. This low number of particles can result in

significant variability in the measured concentrations across different regions of the simulation

box, introducing substantial noise into the measurement. Furthermore, exchanges of mole-

cules between the diluted and condensed phases are rare events, which require long simulation

timescales to be adequately captured. These challenges are exacerbated at lower temperatures,

where the equilibrium concentration in the diluted phase becomes even smaller. While com-

putationally demanding, extracting Csat from the DC method allows us to perform a direct

comparison between the same observable measured in both simulations and experiments.

In Fig 5, we present the predicted saturation concentration values from simulations, nor-

malised by the saturation concentration of the WT+NLS sequence, plotted on a logarithmic

scale. The predictions from the CALVADOS2, Mpipi, and Mpipi-Recharged models are com-

pared against experimentally determined normalised saturation concentrations for the studied

mutants ((CEXP
sat Þ=ðC

EXP
satðWTþNLSÞ; see Section 4.6 for further information) reported in Ref. [78]. To

quantify the agreement between the simulations and experiments, we calculate D, a metric that

measures the average deviation of the simulation predictions from the experimental values

(details provided in Section 4.6). Lower D values indicate closer agreement with the experi-

mental data. Additionally, we perform a linear fit to examine the relationship between the nor-

malised simulation results and the experimental data (red dashed line in Fig 5), comparing it

to the perfect fit (diagonal black line in Fig 5). To assess the strength of the linear correlation,

we calculate the Pearson correlation coefficient (r). This metric evaluates whether the models

qualitatively capture the experimental trend, even if quantitative deviations are present.
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We find that the prediction of the Mpipi-Recharged model for the normalised Csat presents

the lowest average deviation, D = 0.63, with respect to the experimental values and the highest

Pearson correlation coefficient among the set (r = 0.9947), indicating exceptional agreement

with the experimental trends. The Mpipi and CALVADOS2 models also provide good descrip-

tions with mean deviations of D = 0.97 and D = 1.26, respectively, and Pearson correlation

coefficients of r = 0.8766 and r = 0.7549, respectively.

In addition, we compare the absolute experimental and simulation Csat values (S2 Fig). In

this comparison, the values of the Pearson correlation coefficients remain unchanged from

those in Fig 5. That is, the predictions of the Mpipi-Recharged model exhibit the strongest cor-

relation with the experimental values of Csat, followed by Mpipi, and finally CALVADOS2. In

contrast, the size of the mean errors, D, do change, revealing that CALVADOS2 provides Csat

with the smallest overall error (D = 0.38), followed by the Mpipi-Recharged (D = 0.78) and

finally the Mpipi model (D = 0.93).

Overall, our comprehensive evaluation in this Section shows that all three models—CAL-

VADOS2, Mpipi, and Mpipi-Recharged—perform exceptionally well in predicting the phase-

separation propensity of A1-LCD variants, with Mpipi-Recharged standing out as the most

accurate potential. Their excellent performance is particularly noteworthy given the substantial

challenges coarse-grained models face in reproducing experimental coexistence lines.

2.3 Condensate viscoelastic behaviour of A1-LCD mutants by different

models

Condensate viscoelastic properties have been linked to the roles of these systems in health and

disease [34, 101, 102]. Whereas liquid-like states in condensates are associated to biological

function, their progressive transition into solid and gel-like states has been linked to the onset

of multiple neurological disorders [24]. Examples of protein condensates displaying hardening

over time have been reported for RNA-binding proteins such as FUS [103, 104], TDP-43

[105], or hnRNPA1 [106] among others [30]. Hence, it is important to determine the ability of

different residue-resolution CG models to probe the material properties of condensates: i.e.,

whether they behave as liquids or gels, and whether their viscosity remains constant or

increases over time [31]. Moreover, determining the ability of residue-resolution CG models

to characterise which precise interactions and domains control their time-dependent transport

Fig 5. Simulated vs. experimental saturation concentration (Csat), normalised by the WT+NLS Csat [78], for the different variants and for the models

CALVADOS2 (A), Mpipi (B) and Mpipi-Recharged (C). The Pearson correlation coefficient (r) and the root mean square deviation from the

experimental values (D) are displayed for each set of simulation data. The black lines indicate a perfect match between experimental and computational

values, while the red dashed lines depict a linear regression for each set of data.

https://doi.org/10.1371/journal.pcbi.1012737.g005
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properties [103, 107–109] is central. Such information is essential to understand the molecular

onset between functional and dysfunctional behaviour.

Computationally, the generalised Green-Kubo relation [110, 111] (see Section 4.5) is one of

the most efficient methods for evaluating viscosity of protein condensates using residue-reso-

lution CG models [31, 69, 112]. Calculating the shear stress relaxation function (G(t)) using

the Green-Kubo approach provides information of both inter- and intra-molecular protein

interactions, which may vary significantly with the chosen CG model [69, 108, 112]. Since the

predictive accuracy of most residue-resolution CG models has been optimized and tested

using experimental single-protein radius of gyration and phase diagrams (either saturation

concentrations or critical solution temperatures) [41, 43, 53, 54, 59], evaluating their ability to

predict condensate viscosity provides a demanding benchmark that extends beyond the scope

of their original parametrizations.

As the experimental reference, we use the in vitro viscosity measurements at T* 298 K

from Ref. [78] for the seven variants of A1-LCD studied in the previous sections. We only test

the performance of the CALVADOS2, Mpipi, and Mpipi-Recharged models because 1) HPS

and HPS-cation–π failed to recapitulate the relative phase-separation propensity of the

A1-LCD variants (Fig 4A and 4B, respectively); and 2) HPS and HPS-Urry do not phase-sepa-

rate at 298 K, where condensates experimental viscosities have been reported.

To estimate the viscosity, we calculate the shear stress relaxation function, G(t), of the dif-

ferent A1-LCD variants under bulk conditions at 298 K (see Fig 6A and S2 Video for

Fig 6. (A) Snapshot of a bulk NVT simulation with 200 A1-LCD (WT+NLS) protein replicas (each of them depicted by a different tone of colour)

employed to compute the condensate viscosity. (B) Shear stress relaxation modulus (G(t)) for the WT+NLS sequence at 298 K evaluated by different

models. (C) G(t) for different A1-LCD mutants using the Mpipi-Recharged model. In both B and C panels, G(t) raw data obtained during the simulations

are represented by filled symbols, while Maxwell’s mode fits to the data (as described in Section 4.5) are plotted with solid lines. D, E, and F: Predicted

versus in vitro viscosity (both reduced by the corresponding WT+NLS value) for all variants under study and the CALVADOS, Mpipi, and Mpipi-

Recharged models respectively. The meaning of r, D, and the red dashed and black solid lines is the same as in Fig 5.

https://doi.org/10.1371/journal.pcbi.1012737.g006
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representative configurations of such simulations, and Section 4.2 for the simulation details).

For these calculations, we perform bulk simulations (in the canonical ensemble) of * 3 − 5μs

depending on each specific system as reported in Section 4.2.

The calculation of G(t) for the WT+NLS sequence using the three models is shown in Fig

6B. While the predictions of the three models for G(t) at short timescales are rather similar,

indicating that bond, angle, and intramolecular conformational relaxation is similar for all of

them, we observe large differences at long times. At long timescales, the slope and terminal

decay of G(t), which strongly determines the condensate viscosity, differs significantly among

the three models, clearly demonstrating the critical influence of the model parametrization on

the resulting viscoelastic properties of the condensates. Such variability is even more pro-

nounced when comparing the behaviour of G(t) predicted by the three models for all the dif-

ferent A1-LCD mutants. We show the full G(t) plots predicted by the Mpipi-Recharged model

in Fig 6C, and the viscosity values for the three models in Fig 6D–6F. The calculation of η from

G(t) consists in integrating the shear stress relaxation modulus (G) as a function of time (for

further details on this calculation see Section 4.5).

Fig 6C reveals that the amino acid mutations tested lead to drastic variations in the conden-

sate viscosity predicted by the Mpipi-Recharged (of approximately two orders of magnitude),

in perfect agreement with the experimental observations [78]. This results highlights the strong

influence that specific sequence mutations have on regulating the transport properties of con-

densates, as previously found for FUS [113], TDP-43 [105], and Tau [114, 115].

We next compare the viscosity (η) values for all A1-LCD sequences as predicted by simula-

tions using the CALVADOS2 (Fig 6D), Mpipi (Fig 6E), and Mpipi-Recharged (Fig 6F) models

against the corresponding experimental values [78]. Both simulation and experimental viscos-

ity values are normalised by the WT+NLS η value to enable a relative comparison. This nor-

malisation is necessary because the absolute values predicted by all the residue-resolution

coarse-grained models systematically underestimate the experimental viscosities by several

orders of magnitude [69]. This discrepancy arises naturally from the implicit treatment of sol-

vents and ions, as well as the neglect of atomic vibrations and detailed inter-atomic interac-

tions among amino acids, due to the amino acids being represented as spherical beads. While

the choice of the A1-LCD WT+NLS variant used to normalise the viscosities influences the

absolute deviation between simulations and experiments, it does not alter the overall trend.

We observe that the sensitivity exhibited by the different models in their predictions of crit-

ical temperatures (Fig 4D–4F) is similarly reflected in the variation of condensate viscosity as a

function of sequence mutations (Fig 6D–6F). The Mpipi-Recharged model exhibits the great-

est sensitivity, with viscosity values spanning nearly two orders of magnitude among the differ-

ent A1-LCD variants, and emerges as the best fit for capturing the viscoelastic behaviour of

A1-LCD condensates. Specifically, the Pearson coefficient (r) assessing the strength of the cor-

relation between simulation and experimental η values is high for Mpipi-Recharged

(r = 0.8819), and moderate for Mpipi(r = 0.6308) and CALVADOS2 (r = 0.5281). In addition,

the root mean squared deviation (D) describing the mean error from the experimental data is

the smallest for the Mpipi-Recharged (D = 0.7314), and moderate for both Mpipi (D = 1.4359)

and CALVADOS2 (D = 1.7512) models.

We also investigate whether a correlation between the critical temperature and condensate

viscosity can be established for the different studied variants. A correlation between these two

quantities is expected since intermolecular interaction strength, which favours condensation

(i.e., increases Tc), should also diminish molecular mobility (i.e., increasing η). In Fig 7, we

plot the critical temperature (normalised by the Tc of the WT+NLS sequence) vs. condensate

viscosity (also normalised by the η of the WT+NLS sequence) for the different studied

A1-LCD mutants as predicted by CALVADOS2 (A), Mpipi (B), and Mpipi-Recharged (C)
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models. Moreover, experimental in vitro data from Ref. [78] for the WT+NLS, allF and allY

sequences are included (empty squares). As can be seen, the Mpipi-Recharged predicts the cor-

relation experimentally found for these three variants (depicted by a grey band linearly extrap-

olated). The full phase diagram (including Tc) for the rest of the variants was not reported in

Ref. [78], nevertheless, it is expected that a similar correlation as that predicted by the Mpipi-

Recharged model holds since it reasonably predicts the experimental critical temperature, sat-

uration concentration, and condensate viscosity of all these variants, as shown in Figs 2, 5 and

6, respectively. The CALVADOS2 also shows a correlation between the critical temperature

and viscosity (Fig 7A). However, the CALVADOS2 predictions do not span the same range of

values for viscosity as the experimental measurements (Fig 6D). For the case of Mpipi, a weak

correlation between the critical solution temperature and the viscosity is observed (Fig 7B).

Future work exploring whether a correlation between the critical solution temperature and

the viscosity arises in other condensates would be highly valuable, as both properties are chal-

lenging to measure and are rarely reported under identical conditions [77, 78]. Establishing

such a relationship could enable the qualitative inference of one property from the other, offer-

ing complementary insights into the stability and transport properties of biomolecular

condensates.

2.4 Key intermolecular interactions in A1-LCD condensates

Computational approaches can contribute to a deeper understanding of biomolecular phase

separation by evaluating the underlying molecular information that is hardly accessible in

experiments [69, 74, 116]. A powerful example is the calculation of intra and inter-molecular

contact maps [52, 69, 89] which provide microscopic insights about the key amino acids and

protein domains enabling biomolecular self-assembly. However, the outcome of this type of

analysis is intimately related to the specific model characteristics and its interaction parame-

ters. Therefore, different models may provide notably different contact domain probabilities

for the same protein condensate.

Analyzing the differences in the inter-molecular contact maps predicted by the different

models we benchmark here, also allows us to understand the reasons why such models present

different performance in these benchmarks. Specifically, we compute the number of times a

pair of amino acids belonging to different proteins within the condensate are in contact, where

‘in contact’ is defined as being closer than a cut-off distance which depends on the identity of

Fig 7. Correlation between the critical temperature (normalised by the Tc of the WT+NLS sequence) and the condensate viscosity (also normalised

by η of the WT+NLS) for the different studied A1-LCD mutants as predicted by the CALVADOS2 (A), Mpipi (B), and Mpipi-Recharged (C) models.

Experimental data from Ref. [78] for the WT+NLS, allF and allY sequences have been also included as empty squares (see legend). A linear trend to the

experimental correlation between these two quantities for the three sequences measured in vitro [78] is shown with a grey band.

https://doi.org/10.1371/journal.pcbi.1012737.g007
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the amino acids in the pair (see Section 4.4 for technical details on this calculation). We then

evaluate the energy contribution of each contact considering the sum of the potential energy

terms in the model at the interacting distance. That is, the sum of the Wang-Frenkel and

Yukawa potentials for the Mpipi-Recharged model, Wang-Frenkel and Debye-Hückel for

Mpipi, and Lennard-Jones and Debye-Hückel for CALVADOS2 and the HPS family (see Sec-

tion 4.4). The resulting contact energy maps reveal the key intermolecular interactions that

sustain the liquid network within the different condensates.

When comparing the contact energy maps for WT+NLS condensates predicted by the dif-

ferent models at 0.95 Tc (S3 Fig), we find significant differences among the behaviour of the

various models. The HPS and HPS-Urry models present homogeneous maps of intermolecular

interactions, with most amino acid pairs presenting contact energies that differ by at most

0.002 kJ/mol. In contrast, the HPS-cation–π, Mpipi and Mpipi-Recharged models give rise to

heterogeneous maps, where the contact energies among amino acid pairs can differ by more

than 0.004 kJ/mol. CALVADOS2 presents an intermediate behaviour between the two

extremes. Such difference can be explained by the HPS and HPS-Urry models considering

electrostatic and π-π interactions as stronger contributors to biomolecular phase separation

than cation–π contacts (see S4 Fig, and the relative interaction strength maps in S1 Fig). In the

CALVADOS2 model, such a difference is present, but is much more moderate [55]. The HPS-

cation–π, Mpipi, and Mpipi-Recharged models predict that phase separation is most strongly

contributed by some specific prion-like sub-domains. Whilst all models show a strong inter-

acting region from the 105th to 115th residue (a sub-domain enriched in Y, F, and G), the

HPS-cation–π, Mpipi, and Mpipi-Recharged also present a highly interacting sub-domain

from the 130th amino acid to the 135th residue, which contains 2 arginines and 1 phenylala-

nine. In addition, the HPS and HPS-cation–π, but more prominently the Mpipi, and Mpipi-

Recharged models show two sub-domains between the 75th and 85th position (enriched in

asparagine and aromatic residues) and between the 15th and 45th (rich in N, F, R and G) that

significantly contribute to the stability of A1-LCD condensates through cation-π and π-π
interactions (S3 Fig).

Since the Mpipi-Recharged model has consistently emerged as the most accurate model of

those we have tested (Figs 1–6), we now employ it to compare the impact of amino acid muta-

tions on the contact energy maps of A1-LCD condensates. In Fig 8, we present the contact

energy maps for condensates of the WT+NLS, allF, and allW sequences at 0.95 Tc, where Tc

represents the critical temperature specific to each variant (Fig 8A–8C). Notably, the contact

energy maps for the allF and WT+NLS condensates exhibit striking similarities (Fig 8A and

8B). In contrast, the contact energy map for the allW condensates (Fig 8C) reveals significantly

stronger contact interactions among residues near the protein terminal region, particularly

from the 90th residue onward. This increase in intermolecular contacts at the protein terminal

region enhances the interaction energies across the whole protein sequence, suggesting a coop-

erative mechanism that reinforces the condensate assembly (Fig 8C). This increase of intermo-

lecular interactions in the allW mutant explains the large increase in viscosity observed both

computationally and experimentally (Fig 6) for this variant with respect to the WT+NLS and

allF sequences.

We now extract from Fig 8A–8C the most frequent amino acid pairs that stabilize the con-

densed phase, as predicted by the Mpipi-Recharged model (Fig 8D–8F). The relative interac-

tion strength of each pair has been normalised by the contact pair with the highest energetic

contribution. As expected, the key intermolecular interactions in WT+NLS condensates are

primarily cation–π (e.g., R–Y and R–F) and π–π interactions (e.g., F–F, Y–F, and Y–Y). In allF

condensates, the dominant contacts include cation-π (R–F) and π–π interactions (Y–F and F–

F), along with interactions involving asparagine (N) with arginine (R) and phenylalanine (F).
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For allW condensates, the most prevalent interactions are W–W and W–R, followed by con-

tacts between tryptophan (W) and asparagine (N), glutamine (Q), and aspartic acid (D).

These findings align with the stickers-and-spacers framework for protein phase transitions,

in which multivalent proteins are conceptualized as heteropolymers comprising ‘stickers’

(binding sites for associative interactions) and ‘spacers’ (regions between stickers) [117, 118].

Within the stickers-and-spacers framework, as proposed in Ref. [77] for A1-LCD condensates,

tyrosine (Y), phenylalanine (F), and tryptophan (W) function as the primary stickers, arginine

(R) acts as a context-dependent sticker, and other amino acids serve as spacers. Our simula-

tions demonstrate that the predictions of the Mpipi-Recharged model are in excellent agree-

ment with this framework (Fig 8D–8F).

We now focus on the most frequent interactions in WT+NLS condensates, as predicted by

the Mpipi-Recharged (Fig 8E) and the CALVADOS2 model (S4D Fig). While the Mpipi-

Recharged suggests that cation–π interactions such as R–Y and R–F are stronger contributors

than Y–Y, F–F, and Y–F to the stability of A1-LCD condensates, the CALVADOS2 proposes

that instead π–π contacts are more energetically favourable than cation–π interactions for

these systems. As in the Mpipi-Recharged model, according to the Mpipi model, the five most

energetically favourable contacts in A1-LCD condensates are R–Y, R–F, Y–F, F–F, and Y–Y

(S4E Fig). In contrast, the HPS and HPS-Urry models do not predict cation–π interactions as

main contributors for A1-LCD phase-separation (S4A and S4C Fig). Instead, HPS and

HPS-Urry consider that electrostatic R–D and K–D contacts alongside π–π interactions (such

as Y-F, F-F, and Y-Y, which in the model parametrization have a considerable interaction

strength [76], see S1 Fig) are the key contacts driving biomolecular phase separation. The

underestimation of cation–π interactions for biomolecular phase transitions was addressed by

Fig 8. Contact energy maps of pairwise intermolecular interaction energy for allF (A), WT+NLS (B), and allW (C) condensates at T = 0.95 Tc as predicted

by the Mpipi-Recharged model. The most frequent intermolecular amino acid pairwise interactions sustaining the condensates of allF (D), WT+NLS (E),

and allW (F) are also displayed. Pairwise contacts have been both normalised by the highest value of residue-residue pairwise interactions and their

abundance across their sequence (see Section 4.4 for further details on these calculations).

https://doi.org/10.1371/journal.pcbi.1012737.g008
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the HPS-cation–π reparametrization [56], which added an extra potential term to the model

(see Section 1 for further details). Nevertheless, as shown in S4B Fig, the HPS-cation–π repara-

metrization significantly overestimates cation–π contacts predicting that R–Y, R–F, K–Y and

K–F contribute four times more than aromatic interactions such as F–F or Y–F. Such overesti-

mation of cation–π interactions by the HPS-cation–π model leads to very high critical temper-

atures for A1-LCD condensates, as shown in Fig 2B; this has been previously discussed in Refs.

[31, 53, 56, 69, 87] for other RNA-binding proteins such as FUS, TDP-43, or DDX4 among

others.

Overall, this analysis reveals that residue-resolution CG models considering both cation–π
and π–π interactions as primary contributors to the stability of A1-LCD condensates align

most closely with experimental observations. Notably, models such as Mpipi and Mpipi-

Recharged, which emphasize the stronger contribution of cation–π interactions over π–π
interactions, show the highest level of agreement with experimental data.

3 Discussion

Computer simulations are a powerful tool to complement in vitro and in vivo investigations of

biomolecular condensates [42, 119]. We systematically compare the predictions of several

models against experimental coexistence lines, critical solution temperatures fitted from exper-

imental coexistence densities, experimentally measured saturation concentrations, and experi-

mentally measured viscosities for A1-LCD condensates, and seven mutants. Our results show

that the Mpipi-Recharged model displays quantitative accuracy in predicting the critical tem-

perature and condensate saturation concentration of the different A1-LCD mutants (Figs 2

and 5) reported in Refs. [77, 78].

Furthermore, evaluating condensate viscosity provides a stringent test of the ability of these

models to predict the biophysical properties of condensates beyond stability. Our analysis

reveals that the CALVADOS2, Mpipi, and especially the Mpipi-Recharged model, accurately

capture the relative variations of the viscoelasticity of protein condensates as a function of spe-

cific sequence mutations (Fig 6). This highlights the potential of residue-resolution coarse-

grained models to effectively predict how sequence variations influence the material properties

of condensates beyond the systems tested here.

Importantly, characterizing viscoelasticity is essential for distinguishing between liquid-like

and solid-like behaviour of condensates, which is closely tied to biological function and patho-

logical malfunction [24, 34, 42, 101, 102]. Notably, we observe a clear correlation—both

emerging from the experimental and computational data (Fig 7)—between condensate ther-

modynamic stability (i.e., Tc) and viscoelasticity. This correlation suggests that higher critical

temperatures for phase separation are linked to increased condensate viscosities. This relation-

ship emerges because both greater stability and viscosity are promoted by stronger intermolec-

ular interactions: stronger biomolecular interactions promote condensation and,

simultaneously, reduce molecular diffusivity, thereby enhancing viscosity [31, 103].

Finally, we have evaluated the intermolecular contact energy maps of A1-LCD condensates

as predicted by the different models studied here, paying particular attention to the Mpipi-

Recharged force field (Fig 8). Our analysis explains how the variations in the predictions of the

different models may be explained by the differences in the pairwise residue-residue interac-

tions that sustain A1-LCD condensates.

The best-performing models in our benchmarks—namely CALVADOS2, Mpipi, and the

Mpipi-Recharged model—consider in their parametrizations that both cation–π interactions

(e.g., R–Y and R–F) and π–π contacts (e.g., F–F, Y–F, and Y–Y) are the dominant intermolecu-

lar forces stabilising A1-LCD condensates. Among these models, Mpipi-Recharged, followed
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by Mpipi, stand out as the most accurate, particularly because they rank cation–π interactions

as stronger contributors than π–π contacts. In contrast, models that underestimate the contri-

bution of cation–π interactions—such as the HPS model—perform less accurately, failing to

capture the significant shifts in critical temperatures and saturation concentrations caused by

aromatic residue mutations (S4 Fig). While the HPS-cation–π model overhauls the contribu-

tion of cation–π interactions, it overemphasizes their strength, resulting in predictions of unre-

alistically high critical temperatures (Fig 2).

A closer examination of the predictions made by the Mpipi-Recharged model reveals that,

in addition to capturing the importance of cation–π and π–π contacts, it also identifies preva-

lent interactions involving aromatic residues (Y and F) and arginine with asparagine (N) and

glutamine (Q) within A1-LCD condensates. These predictions are consistent with experimen-

tal phase diagrams of A1-LCD systems and align with the stickers-and-spacers framework,

which demonstrates that tyrosine, phenylalanine, and tryptophan act as primary stickers, argi-

nine serves as a context-dependent sticker, and other amino acids function as spacers [77,

117].

Recent advancements in residue-resolution coarse-grained models for biomolecular phase

separation have led to significant progress. Beyond the examples presented here, models such

as the HPS-Urry model, the CALVADOS family, and the Mpipi family have demonstrated

exceptional predictive power in describing the relative thermodynamic stability of a wide

range of biomolecular condensates, as well as single-molecule observables of proteins, in agree-

ment with experimental data. Although the HPS model does not perform particularly well in

our benchmarks, it is important to highlight that all other models were built upon the founda-

tional framework provided by the pioneering HPS model [41, 52, 56]. Thus, it is unsurprising

that these newer models outperform the original HPS model, reflecting the continuous prog-

ress in the field.

There are now many more sequence-dependent residue-resolution CG models, such as the

original CALVADOS [41], KH [86] or the FB-HPS [58], which were not included in this work

due to computational constraints, which limit the number of models feasible to simulate.

However, as demonstrated in our previous study [53], these models perform reasonably well

in capturing the phase diagrams of A1-LCD condensates and their mutants.

With this study, we aim to highlight the continuous advancements in residue-resolution

coarse-grained model development, which is increasingly enabling the quantitative description

of biomolecular phase behaviour while providing complementary microscopic insights that

are often challenging to obtain through traditional experimental methods.

4 Methods

4.1 Model and methods

In our simulations, we represent the intrinsically disordered regions (IDRs) as coarse-grained

structures with one bead per amino acid. The potential energy of the coarse-grained force field

is defined as follows:

E ¼ EBonds þ EElectrostatic þ EHydrophobic þ Ecation� p ð1Þ

In Table 1 we provide a summary of the different potentials used by each model studied in

this work. To better visualize the differences in interactions between the different models, S1

Fig shows the normalised values of interaction strength for all amino acid pairs. Higher values

indicate stronger attractive interactions, and lower values indicate weaker or repulsive

interactions.
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Bonded interactions are modeled by a harmonic potential

EBonds ¼
P

kðri � r0Þ
2
; ð3Þ

where qi and qj represent the charges of the beads i and j, �r = 80 �0, is the relative dielectric

constant of water (being �0 the electric constant), r is the distance between the ith and jth
beads, and κ = 1 nm−1 is the Debye screening length that mimics the implicit solvent (water

and ions) at physiological salt concentration (cs*150mM of NaCl) for the models HPS, HPS-

cation-π, and the HPS-Urry model, and for the Mpipi model the value is κ = 1.26 nm−1. For

the CALVADOS2 and Mpipi-Recharged model κ depends on the salt concentration as

k ¼
ffiffiffiffiffiffiffiffiffiffiffi
8pBcs

p
; ð4Þ

where B(�r) = e2/4πkBT�0�r is the Bjerrum length. The relative dielectric permittivity depends

on the temperature according to this empirical law

�r Tð Þ ¼
5321

T
þ 233:76 � 0:9297T þ 1:417 � 10� 3T2 � 8:292 � 10� 7T3: ð5Þ

For the Mpipi-Recharged model, electrostatic interactions are modelled through a Yukawa

potential given by

EElectrostatic ¼
X

i

X

j<i

Aij

r
e� kr; ð6Þ

where Aij controls the interaction between a pair of amino acids and κ modulates the salt con-

centration in an explicit way. The dielectric constant varies with temperature according to Eqs

(4) and (5).

For the HPS, HPS-cation-π, HPS-Urry and CALVADOS2 models, the hydrophobic inter-

actions are established using a scale of hydrophobicity derived from statistical analysis of

amino acid contacts in PDB structures. These interactions are incorporated using the Ash-

baugh-Hatch potential [43, 86, 120, 121] functional form given by

EHydrophobic ¼
X

i

X

j<i

4�ij
sij

r

� �12

�
sij

r

� �6
� �

þ 1 � lij

� �
�ij; if r < 21=6sij;

lij4�ij
sij

r

� �12

�
sij

r

� �6
� �

; otherwise:

8
>>><

>>>:

ð7Þ

where λi and λj are parameters that account for the hydrophobicity of the ith and jth interact-

ing particles respectively, being λij = (λi + λj)/2 following the Lorentz-Berthelot mixing rules

[122, 123]. The excluded volume of the different residues is given by σi and σj, where σij = (σi +

Table 1. Table of equations used by each model. The details of the equations are given below.

Model
Energy EBonds EElectrostatic EHydrophobic Ecation-π

HPS (2) (3) (7) -

HPS-cation-π (2) (3) (7) (10)

HPS-Urry (2) (3) (7) -

CALVADOS2 (2) (3) (7) -

Mpipi (2) (3) (8) -

Mpipi-Recharged (2) (6) (8) -

https://doi.org/10.1371/journal.pcbi.1012737.t001
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σj)/2, and r is the distance between the ij particles. The parameter �ij is set to 0.2 kcal/mol to

reproduce experimental single-IDR radius of gyration [43].

In the Mpipi and Mpipi-Recharged models, the hydrophobic interactions are parametrized

by the Wang-Frenkel potential given by

EHydrophobic ¼
X

i

X

j<i

�ija
sij

r

h i2m

� 1

� �
rc
r

h i2m

� 1

� �2nij

ð8Þ

where

a ¼ 2n
rc
sij

 !2m

1þ 2nij

2nij
rc
sij

 !2m

� 1

 !

2

6
6
6
6
6
4

3

7
7
7
7
7
5

2nijþ1

; ð9Þ

where the excluded volume of the different residues is given by σij, r is the distance between

the ij particles, �ij is the energy interaction parameter, rc = 3σij is the cut-off of the potential

between those amino acids and μ = 1 and νij are terms that are involved in the shape of the

potential. The values of σij and �ij are precisely parametrized for each interaction [61, 79]

For the HPS-cation-π model another additional component is added. A reparametrisation

of the interactions between the positively charged amino acids and the aromatic ones as a Len-

nard-Jones potential is modelled as

Ecation� p ¼ 4�ij
sij

r

� �12

�
sij

r

� �6
� �

: ð10Þ

We employed a cut-off of 3σij for the hydrophobic interactions, and 3.5 nm for the electro-

static ones [43], except for the HPS-Urry that uses a cut-off of 2.0 nm and for the CALVA-

DOS2 that uses a cut-off of 4.0 nm [55].

4.2 Preparation of the systems and simulation details

All simulations were conducted using the LAMMPS software [124, 125]. Both Direct coexis-

tence (DC) simulations and viscosity calculations were performed in the NVT ensemble

employing a Langevin thermostat [126] with a relaxation time of 5 ps and a time step of 10 fs

for the Verlet integration. The configurations for DC simulations were generated by placing

200 protein replicas in a slab with *17x17nm2 of section and 120nm of length for a resulting

average density of *0.1 g/cm3. Simulations to calculate the coexistence densities run a total

time of the order of *1μs after reaching equilibrirum. Calculation of the viscosity was carried

out from NVT simulations by placing 200 protein replicas in a cubic box that was isotropically

compressed to reach the desired bulk density. After equilibration, production run took around

*3 − 5μs to fully capture the stress relaxation of each specific system.

We provide Supporting information and a GitHub Repository at https://github.com/

Reshiiiii/hnRNPA1_Data_Scripts that contains the LAMMPS input scripts for every studied

model as well as the configuration file for the considered A1-LCD mutants. We also provide

sampling videos of representative trajectories concerning the direct coexistence method, vis-

cosity and different conformations of a protein.
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4.3 Direct Coexistence technique

Employing Direct Coexistence (DC) simulations [84, 127–129], we determined the phase dia-

gram for each of the studied proteins [78]. This method involves simulating the two coexisting

phases within the same simulation box. In our approach, we arranged a high-density protein

liquid alongside a very low-density counterpart. To accommodate the diverse densities, we

employed an elongated simulation box, therefore allowing for the formation of both coexisting

phases forming an interface perpendicular to the long direction of the simulation box. Equilib-

rium was attained through NVT simulations, and subsequently, we measured the equilibrium

coexisting densities of both phases along the elongated side of the box. This process was

repeated across various temperatures until reaching the critical temperature. To mitigate finite

system-size effects near the critical point, we calculated the critical temperature (Tc) and den-

sity (ρc) using the law of critical exponents and rectilinear diameters [130]

ðrl � rvÞ
a
¼ s1 1 �

T
Tc

� �

ð11Þ

and

rl þ rv

2
¼ rc þ s2ðTc � TÞ; ð12Þ

where the notation ρl and ρv are the densities of the condensed and diluted phases, respectively.

Moreover, s1 and s2 are fitting parameters, while the critical exponent, α = 3.06 for the three-

dimensional Ising model [130]. The critical temperature error has been determined using the

law of critical exponents and rectilinear diameters to estimate the system’s critical temperature

by considering the last two, three, and four temperatures.

4.4 Calculating contact maps and top contacts

The computation of intermolecular and intramolecular contact maps within protein conden-

sates is calculated from DC trajectories. Contacts were determined across all systems at tem-

peratures approximately 0.95Tc, where Tc corresponds to the critical temperature of each

system. Typically, molecular contacts are identified based on a distance criterion, with the

assumption that the relative frequency of contact map occurrences (rather than absolute fre-

quency) remains generally unaffected by the selected cut-off distance used in calculations, pro-

vided the cut-off values are reasonable. However, to accurately capture the most relevant and

common residue-residue contact pairs that facilitate LLPS, it is highly recommended to

account for the specific parametrized of each amino acid in terms of excluded volume and

minimum potential energy interaction distance. Hence, we adopted a sequence-dependent

cut-off distance equivalent to 1.2σij, where σij represents the mean excluded volume of the

respective ith and jth amino acids [69]. Given that the minimum of the potential used lies at

approximately 21/6σij� 1.122σij, we set the cut-off distance slightly beyond this point, at 1.2σij,
to ensure significant binding. By implementing this innovative sequence-dependent cut-off

scheme for each amino acid pair interaction, we can effectively filter out adjacent contacts that

may coincide with actual interacting amino acids along the sequence, thus enhancing our abil-

ity to accurately identify the amino acids that positively contribute to stabilising condensates

[69].

To define the relative interaction strength for the most relevant contacts, this interaction

frequency described above (fi,j) is weighted with the hydrophobic and electrostatic contribu-

tions of each amino acid pair for the model (EHydrophobic
ij þ EElectrostatic), normalised against the
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occurrence frequency of each pair of amino acids in the sequence, as described by

Interaction strength ¼ fij
EHydrophobic
ij þ EElectrostatic

ij

NiNj
: ð13Þ

4.5 Calculating viscosities

We can determine the viscosity of the LCD model’s condensate using the Green-Kubo (GK)

relation. The time-dependent mechanical response of a viscoelastic material under small shear

deformation is characterized by the shear stress relaxation modulus (G(t)) [131]. When sub-

jected to zero deformation, G(t) can be computed by correlating any off-diagonal component

of the pressure tensor at equilibrium [132, 133]

GðtÞ ¼
V
kBT
hsabðtÞsabð0Þi: ð14Þ

In Eq 14, σα,β represents an off-diagonal component of the stress tensor, V is the volume, T
is the system temperature and kB is the Boltzmann constant. For isotropic systems, a more pre-

cise expression of G(t) is obtained by considering the six independent components of the pres-

sure tensor [110, 112, 134, 135], given by

G tð Þ ¼
V

5kBT

h
hsxyðtÞsxyð0Þi þ hsxzðtÞsxzð0Þi þ hsyzðtÞsyzð0Þi

þ
1

6
ðhNxyðtÞNxyð0Þi þ hNxzðtÞNxzð0Þi þ hNyzðtÞNyzð0ÞiÞ

i
;

ð15Þ

where Nα,β = σα,α − σβ,β represents the normal stress difference. Once the relaxation modulus is

obtained, shear viscosity (η) is calculated by integrating the shear stress relaxation modulus

over time using the last GK formula

Z ¼

Z 1

0

GðtÞ dt: ð16Þ

To mitigate noise in the relaxation modulus observed in protein condensate simulations

[31, 69], we adopt a specific strategy for viscosity estimation. While G(t) is smooth at short

timescales so that it can be numerically integrated, at longer timescales G(t) is fitted to a series

of Maxwell modes (Gi exp(-t/τi)) equidistant in logarithmic time, and then analytically inte-

grated. Thus, viscosity is calculated by combining two terms as

Z ¼ Zðt0Þ þ
XM

i¼1

Giti; ð17Þ

where η(t0) represents the term computed at short times by trapezoidal integration,
PM

i¼1
Giti

corresponds to the part evaluated via the Maxwell modes fit at long timescales, and t0 denotes

the time after which all intramolecular oscillations of G(t) have decayed and the function

becomes strictly positive and decays monotonically.

4.6 Deviation from the ideal line in interpolations

For cases where simulated saturation concentration have been plotted against experimental

values (Fig 5 in the main text and S2 Fig), the following formula has been used to calculate the
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deviation of simulated results from experimental ones

D ¼
1

n

Xn

i¼1

jlogðxexp;iÞ � logðxsim;iÞj
logðxexp;iÞ

; ð18Þ

where log represents the decimal logarithm.

For cases where simulated viscosity has been plotted against experimental values (Fig 6) the

following formula has been used to calculate the deviation of simulated results from experi-

mental ones

D ¼
1

n

Xn

i¼1

ðlogðxexp;iÞ � logðxsim;iÞÞ
2
; ð19Þ

where log represents the decimal logarithm.

Supporting information

S1 Table. Amino acid sequences of the different hnRNPA1-LCD variants. The amino acid

sequences of the hnRNPA1-LCD variants utilized in this investigation. In the first column, we

have listed the names of the variants. The second column displays their amino acid sequences,

while the third column indicates the number and type of changes compared to the wild-type

sequence.

(EPS)

S1 Fig. Relative interaction strength values (including electrostatic + hydrophobic interac-

tions) for the HPS (A), HPS-cation-π (B), HPS-Urry (C), CALVADOS2 (D), Mpipi (E),

and Mpipi-Recharged (F) models. The values have been normalised by the highest interac-

tion value of each model.

(EPS)

S2 Fig. Simulated vs. experimental saturation concentration [78] for the different variants

and for the models CALVADOS2 (A), Mpipi (B) and Mpipi-Recharged (C). The Pearson

correlation coefficient (r), the slope (m), and the root mean square deviation from the experi-

mental values (D) are displayed for each set of modelling data. The black lines indicate a per-

fect match between experimental and computational values, while the red dashed lines depict

the linear regression for each set of data.

(EPS)

S3 Fig. Contact maps of potential energy interaction for the A1-LCD (WT+NLS) sequence.

HPS (A), HPS-cation-π (B), HPS-Urry (C), CALVADOS2 (D), Mpipi (E), and Mpipi-

Recharged (F) models at T = 0.95 Tc (where Tc refers to the critical temperature of the WT

+NLS sequence of each model) and at the condensate equilibrium density corresponding to

such temperature. The associated energy corresponding to a given specific interaction is

depicted by the side bar. Details on these calculations are provided in the Methods Section.

(EPS)

S4 Fig. Predominant intermolecular interactions contributing to LLPS of A1-LCD (WT

+NLS) protein. HPS (A), HPS-cation-π (B), HPS-Urry (C), CALVADOS2 (D), and Mpipi (E)

models. The presented contribution by each residue-residue pair has been normalised by the

highest contact pair. Moreover, normalisation by the pair residue-residue abundance across

the sequence has been applied as detailed in the Methods Section.

(EPS)
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S1 Video. Simulation movie of a representative trajectory of A1-LCD using the Direct

Coexistence method to compute the phase diagram.

(MP4)

S2 Video. Simulation movie of a representative trajectory of A1-LCD performed for the

calculation of the condensate viscosity.

(MP4)
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