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Predicting small-molecule partitioning into biomolecular condensates is key to developing drugs that6

selectively target aberrant condensates. However, the molecular mechanisms underlying small-molecule7

partitioning remain largely unknown. Here, we first exploit atomistic molecular dynamics simulations of8

model condensates to elucidate physicochemical rules governing small-molecule partitioning. We find9

that while hydrophobicity is a major determinant, solubility becomes a stronger regulator of partition-10

ing in more polar condensates. Additionally, more polar condensates exhibit selectivity toward certain11

compounds, suggesting that condensate-specific therapeutics can be engineered. Building on these in-12

sights, we develop minimal models (MAPPS) for efficient prediction of small-molecule partitioning into13

biologically relevant condensates. We demonstrate that this approach reproduces atomistic partition co-14

efficients in both model systems and condensates composed of the low complexity domain (LCD) of FUS.15

Applying MAPPS to various LCD-based condensates shows that protein sequence can exert a selective16

pressure, thereby influencing small-molecule partitioning. Collectively, our findings reveal that partition-17

ing is driven by both small-molecule–protein affinity and the complex interplay between the compounds18

and the condensate chemical environment.19

INTRODUCTION20

Biomolecular condensates are membrane-less intracellu-21

lar compartments composed of proteins and nucleic acids22

and encompass structures such as the nucleolus, stress23

granules, P-bodies, and centrosomes [1–5]. Many conden-24

sates are formed and maintained through phase separation,25

appearing as dynamic, liquid-like assemblies with distinct26

chemical environments [6–11]. Such an organization fa-27

cilitates efficient biochemical reactions and regulatory pro-28

cesses. For example, condensates play essential roles in29

RNA metabolism, signal transduction, and cellular stress30

responses [2, 12]. It is, therefore, unsurprising that the31

dysregulation of biomolecular condensates has been linked32

to several human diseases. In neurodegenerative disorders,33

pathological phase separation can lead to the formation of34

insoluble aggregates. For example, TDP-43 mislocaliza-35

tion and aggregation are hallmarks of amyotrophic lateral36

sclerosis (ALS), and tau protein aggregates are central to37

Alzheimer’s disease [13, 14]. In cancer, altered phase sep-38

aration can drive oncogenesis by enhancing signaling path-39

ways, modulating gene expression, or creating environments40

favorable to cancer progression [15]. Additionally, many41

viruses exploit cellular condensates to enhance their replica-42

tion or shield themselves from immune responses, as seen43

in certain stress granules or nucleolar condensates [16, 17].44

Given these adverse effects, condensates represent promis-45

ing targets for drug development.46

Therapeutic strategies targeting biomolecular conden-47

sates are an emerging area of drug discovery, as small48

molecules can prevent the formation of pathological conden-49

sates by disrupting the weak multivalent interactions driving50

intracellular phase separation [18–21]. The current predom-51
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inant approach in the field involves a phenotype-based strat-52

egy, in which extensive high-throughput screens of small53

organic molecules are carried out experimentally [22, 23].54

Using such screens, certain small molecules have been iden-55

tified that partition into condensates and modulate their56

material properties [24–28]. Although potential drug candi-57

dates have been identified, the phenotype-based strategies58

used are inherently agnostic to the mode of action of the59

drugs. Thus, at present, drug discovery for condensates60

possesses an inherent blind spot that significantly hampers61

progress in the field: the molecular mechanisms underlying62

the preferential partitioning of small molecules into conden-63

sates and their consequent effects on condensates remain64

largely unknown.65

The challenge of targeting condensates is further exac-66

erbated by their inherently dynamic nature. Many proteins67

involved in condensate formation lack well-defined struc-68

tures, making them unsuitable for traditional structure-69

based drug design [29–31]. Additionally, variability in con-70

densate chemical environments [19, 32]—i.e., distinct from71

one condensate to another and determined by their unique72

compositions—poses an additional challenge in drug discov-73

ery. For instance, identifying molecules that target one type74

of condensate without affecting others requires a precise un-75

derstanding of the unique interactions within them.76

Recent experimental efforts combined with machine-77

learning-based computational approaches have aimed to78

uncover the physicochemical factors that govern small-79

molecule partitioning into condensates [18]. Thody et80

al. [33] identified key features of small molecules, such as81

solubility and hydrophobicity, that favor or disfavor con-82

densate partitioning, which varied over nearly six orders of83

magnitude. They concluded that the enrichment is primar-84

ily driven by the formation of hydrophobic environments85

within condensates and emphasized the hydrophobicity of86

a compound as the dominant driver of its partitioning into87

condensates.88
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FIG. 1: Atomistic molecular dynamics simulations were used to probe the partitioning of organic molecules into model
condensates. (a) Chemical structures of the simulated compounds. Colored circles in the titles correspond to the markers’ colors for
the data points reported throughout the work. The molecules are ordered alphabetically. (b) Snapshot from the all-atom molecular
dynamics simulations (part of the simulation box is shown), illustrating the partitioning of styrene into an FYAFYF model condensate
(protein is colored in pink colors, small molecules are in yellow, water is in blue and salt ions are in green and grey).

Kilgore et al. [32] probed selective small-molecule par-89

titioning into condensates formed by MED1, NPM1, and90

HP1a, revealing distinct partitioning patterns across these91

environments. Using machine learning, they further an-92

alyzed how molecular properties such as size, hydropho-93

bicity, flexibility, and number of hydrogen bonds influ-94

ence partitioning. Their results suggest that the chemical95

environments of condensates selectively concentrate small96

molecules based on a complex interplay of physicochemical97

properties rather than a single dominant feature, including98

interactions with a specific condensate environment. Addi-99

tionally, Li et al. [34] showed that variations in the microen-100

vironment heterogeneity of condensates significantly affect101

the potency of small molecules. Their findings suggest that102

condensates provide a unique chemical environment, chal-103

lenging the idea that physicochemical properties of a com-104

pound alone dictate partitioning.105

Molecular dynamics (MD) simulations offer a compelling106

approach to understanding the complex relationships be-107

tween small molecule properties and their selectivity for par-108

ticular condensates. Crucially, MD simulations enable the109

capture of the fully disordered nature of condensates while110

dynamically probing their interactions with small molecules.111

A recent study by Zhang et al. [35] utilized all-atom MD112

simulations to explore how non-specific hydrophobic inter-113

actions within MED1, HP1α, and NPM1 condensates in-114

fluence the partitioning of small molecules. Their simula-115

tions used systems representative of condensates and re-116

vealed that the unique compositions and physicochemical117

properties of the condensates favor certain small molecules118

over others. While such studies offer valuable insights into119

the intricate mechanisms of molecular interactions, mod-120

eling a phase boundary of a condensate could provide a121

broader picture of partitioning mechanisms, which is com-122

putationally expensive for large systems at the all-atom res-123

olution. In contrast, coarse-grained (CG) models simplify124

system representation by grouping atoms into interaction125

sites or “beads”. This reduction in complexity and compu-126

tational expense enables the screening of a broader range of127

small molecules, complementing all-atom studies by uncov-128

ering larger-scale dynamics.129

Here, we employ atomistic and CG molecular dynam-130

ics simulations to investigate the factors influencing small-131

molecule partitioning into condensates. At an atomistic res-132

olution, we design four model protein condensates [36] with133

varying physicochemical properties, specifically a decreasing134

degree of polarity. Using these model systems, we examine135

the partitioning behavior of 17 organic small molecules span-136

ning a range of physicochemical characteristics, including137

hydrophobicity, solubility, flexibility, and size (Fig. 1). To-138

gether, these ∼65 systems enable a detailed analysis of the139

interplay between small molecule properties and the chemi-140

cal environment in determining localization to condensates.141

Building on insights from the atomistic simulations, we de-142

velop a set of minimal CG models to further elucidate the143

key properties driving small-molecule partitioning. This ap-144

proach, dubbed MAPPS for MinimAl models for Prediction145

of small-molecule Partitioning into biomolecular conden-146

sateS, enables the efficient exploration of interactions be-147

tween small molecules and condensates. Together, our work148

uncovers critical features and empirical relationships that149

describe interactions between small molecules and conden-150

sates: (1) the extent of a compound’s partitioning is driven151

by the unique characteristics of the condensate environment152

and is shaped by the physicochemical properties of the com-153

pound, (2) the degree of partitioning in more hydrophobic154

condensates is proportional to the compound’s affinity for155

the protein chains, which is determined by the specificity156

of its interactions with protein residues, (3) the capacity of157

condensate to accommodate the molecules from the dilute158

phase by effectively excluding water is a strong contributing159

factor determining the distribution of small molecules across160

phases.161
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RESULTS162

Partitioning is influenced by the physicochemical properties163

of both small molecules and condensates164

To gain atomistic insight into the partitioning of small165

molecules in various condensates, we simulate ∼65 systems166

composed of small molecules and model peptide-based con-167

densates (FWAFWF, FYAFYF, YQHQHY, NYANYN). We168

then calculate the small-molecule partitioning coefficients169

(K ) into the protein-rich phase. Fig. 2 shows K values ver-170

sus (a) the compounds’ logP values (the partitioning coef-171

ficient of a solute between octanol and water, obtained from172

XlogP3 3.0 [37]), (b) the logarithm of solubility (at 25◦C173

based on Ref. [38]), and (c) molecular diameter estimated174

based on the van der Waals volume using ProteinVolume175

1.3 tool [39].176

Atomistic simulations for all peptides reveal distinct par-177

titioning trends: K values significantly increase with higher178

logP values, overall ranging from 0.2 to over 12 (Fig. 2a).179

Hydrophobic molecules, such as styrene and butane, parti-180

tioned significantly more into the highly hydrophobic con-181

densates FYAFYF and FWAFWF, with K reaching up to182

12.5 versus K ≈ 0.2–0.5 in the polar condensates. This is183

consistent with previous studies where it was experimentally184

observed that small molecules preferentially partitioned into185

condensates with higher hydrophobicity [34].186

Another finding was the higher K values of dioxane and187

acetic acid—both with low logP values—in all systems,188

compared to some molecules with higher logP, such as iso-189

propanol, pyrrole, and cisplatin. For acetic acid, higher K190

can be attributed to its molecular size: the small size, with191

an estimated molecular diameter of less than 4.8 Å (Fig. 2c),192

facilitates easy penetration into the condensate. The higher193

K values of dioxane may be attributed to the more flex-194

ible cyclic ether structure compared to the structures of195

molecules of smaller size and higher logP (pyrrole), which196

are more rigid due to their delocalized π electrons. In con-197

trast, cisplatin, a bulky and rigid metal complex, has limited198

flexibility due to its platinum center and coordinated ligands,199

restricting its access to certain regions of the condensate.200

Although these structural properties have a weaker effect201

than hydrophobicity and solubility, molecular size and flexi-202

bility can still contribute to condensate selectivity, albeit to203

a lesser extent, consistent with Ref. [32].204

While peptide-based model condensates serve as useful205

systems for understanding the partitioning behaviors, it is206

important to probe these effects in more biologically rel-207

evant condensates. All-atom simulations, while detailed,208

are computationally expensive and inefficient for exploring209

a wide variety of systems or capturing the effects of small210

molecules over long timescales. To overcome these limita-211

tions, we leveraged atomistic simulations to develop a min-212

imal coarse-grained approach that focuses on the key fac-213

tors influencing small-molecule partitioning. This method214

enables the study of small-molecule partitioning for more215

biologically relevant condensates, such as those composed216

of low-complexity domains of proteins.217

Designing minimal models for predicting small-molecule218

partitioning into biomolecular condensates219

The interactions between small molecules and conden-220

sates are governed by a complex interplay of forces—221

including dispersive forces, electrostatics, and hydrogen222

bonding. Accurately modeling these interactions across a223

wide parameter space and diverse systems can quickly be-224

come computationally prohibitive. To efficiently simulate225

the partitioning behavior of small molecules and their im-226

pact on condensate properties, it is beneficial to use an227

approach that simplifies the system while retaining essen-228

tial features. Such an approach should, therefore, effec-229

tively describe interactions between small molecules (SM)230

and macromolecules (e.g., proteins) in condensed systems,231

while also considering other physical characteristics of con-232

densates, such as solvent-occupied volume.233

Several chemically specific CG models have been pre-234

viously developed to describe protein–protein interactions235

in phase-separated systems [40–46]. Here, we adopt the236

Mpipi model [41]—a residue-resolution approach with im-237

plicit solvent that has been successfully employed to char-238

acterize phase behavior of disordered proteins. The Mpipi239

potential captures both bonded and non-bonded protein240

interactions, including long-range electrostatics and short-241

range non-bonded contacts. The non-bonded interactions242

were parameterized using all-atom potentials-of-mean-force243

(PMF) calculations of amino acid pairs [41, 47] and bioin-244

formatics data [48]. Adopting Mpipi as a foundational245

model, we develop a minimal CG approach to predict small-246

molecule partitioning into condensates (Fig. 3). We hy-247

pothesize that this approach will provide an efficient means248

of estimating the partition coefficients of small molecules249

into biologically relevant condensates while enabling us to250

identify the dominant physicochemical properties.251

Since in Mpipi the protein–protein interactions are par-252

tially derived from PMF calculations, one approach to incor-253

porating small molecules is by computing PMFs (for SM–254

SM as well as SM–X pairs, where X represents a protein255

residue). Here, the compounds in our test set are small256

enough to be represented as a single interaction site (molec-257

ular diameter less than 6 Å) and all have a net zero charge.258

Thus, PMF calculations (Fig. 3a) can be directly used to259

determine the parameters representing the relative strength260

of interactions of the Wang–Frenkel potential [49] which261

captures short-ranged non-bonded interactions. We ini-262

tially employed this approach; however, the resulting model263

failed to accurately reproduce the partitioning observed in264

our atomistic simulations (data not shown).265

There are several reasons why relying solely on SM–266

SM/SM–X interactions via PMFs is insufficient to capture267

the observed trends in partitioning. While PMFs can reflect268

the effective relative interaction strength, they do not ef-269

fectively capture the effects of a condensate environment,270

which can affect the available space for the molecules and271

hence their distribution between phases,–factors important272

for the partitioning of the compounds. These environmen-273

tal factors modulate a molecule’s preference between sol-274
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FIG. 2: Physicochemical properties of small molecules, as well as chemical environment of condensates, dictate partitioning.
Partitioning coefficient of a set of small molecules into model condensates composed of: NYANYN (first row), YQHQHY (second row),
FYAFYF (third row), and FWAFWF (fourth row) peptides, based on all-atom simulations at 300K, plotted against the compounds
(a) logP values (partition coefficient between octanol and water [37]), (b) solubility (log10) at 25

◦C [38], and (c) molecular diameter.
The solid black line shows a linear fit with a corresponding Pearson correlation coefficient, and the red solid line shows a linear fit in
the region of 0 < logP < 2. Error bars represent standard errors. The concentration of the small molecules in each system was 100
mM, the protein concentration was 300 mM for FYAFYF, NYANYN, and YQHQHY peptides and 240 mM for FWAFWF peptides.

vent and condensate, making it essential to consider the275

full context of the protein condensate to accurately describe276

partitioning behavior.277

Additionally, by reducing the complexity of a system by278

simplifying its representation, the chemical specificity of a279

compound may be lost due to the exclusion of certain de-280

grees of freedom and the neglect of charge distribution. To281

enhance the chemical specificity of the model, one approach282

is to increase the resolution of the SM representation. While283

this would improve accuracy, it would also result in a higher284

computational cost. Alternatively, chemical specificity can285

be captured indirectly by accounting for the key factors that286

drive small-molecule partitioning into condensates.287

Therefore, rather than relying solely on PMFs for pa-288

rameterization of both SM–SM and SM–X interactions, we289

design an optimization approach that accounts for both SM290

characteristics and the physicochemical environment of the291

condensates. First, as before, we compute PMFs for SM–292

SM interactions (Fig. 3a), which are used to parameter-293

ize the parameters of the Wang–Frenkel potential εSM−SM294

and µSM−SM (see Eq. 7 in Methods) representing the SM–295

SM interaction strength in the CG model (see Methods).296

However, to determine SM–X interactions, we initially de-297

sign model (YXY)2 condensates (where Y represents tyro-298

sine and X represents an amino acid) at atomistic resolu-299

tion. For a given small molecule, we then characterize the300

partitioning atomistically and iteratively optimize the CG301

parameters to reproduce the atomistic observables, effec-302

tively determining the interaction terms for SM–X (similar303

to Fig. 3b). Note that for certain X residues, (YXY)2 does304

not form condensates; for such systems, we use a random305

forest model (Fig. S7) to derive parameters associated with306
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example. (a) The potential of mean force for a molecule self-interaction was used to determine molecule self-interaction parameters
of the Wang-Frenkel potential. (b) A series of slab simulations with Y6 peptides at 300 K and salt concentration of 150 mM in
coarse-grained resolution was used to optimize the molecule-tyrosine interaction parameter, εfittedSM−Y, to reproduce partitioning behavior
observed in the all-atom simulations of the corresponding system. (c) The distribution of the normalized contacts frequencies between
the molecule and a single protein chain, obtained from all-atom simulations at 300 K and salt concentration of 150 mM, was used to
derive interaction parameters for the molecule with other residues (εSM−X). (d) Validation of the optimization based on the contacts
distribution: εfittedSM−X values corresponding to partitioning in all-atom simulations obtained by extending the optimization procedure
through all-atom slab simulation in (YXY)2 peptides for each residue (X) vs. εSM−X values obtained through Eq. 1. (e) Snapshot
from a coarse-grained molecular dynamics simulation illustrating partitioning of the molecules into an LCD condensate, simulated
with parameters obtained via steps 1-4.

such residues as part of our parameterization procedure.307

Strikingly, the resulting CG model is transferable. When we308

probe SM partitioning at the CG level for condensates (not309

included in the training set), we observe good agreement310

with the all-atom behaviors. This finding supports our hy-311

pothesis that both small molecule properties and condensate312

chemical environments are critical for governing partition-313

ing. We should note, however, that the developed models314

are designed to reproduce partitioning rather than the bulk-315

phase thermodynamic properties of pure compounds. As316

a result, the optimization strategy prioritized partitioning317

behavior over accurately capturing pure-phase properties of318

the compounds.319

A key drawback of the above parameterization approach320

is its labor-intensive nature. For each new small molecule,321

the process requires simulating its partitioning into approxi-322

mately 20 model (YXY)2 condensates, simulating the corre-323

sponding CG model condensates, and performing optimiza-324

tions across multiple parameter sets. However, motivated325

by the success of this optimization approach in capturing326

partitioning trends, we sought to identify empirical relation-327

ships that describe SM–X interactions in condensate envi-328

ronments.329

Deriving an empirical relationship for predicting small330

molecule–protein interactions in phase-separated systems331

Both our optimization approach and original atom-332

istic investigations highlight two key factors that govern333

small molecule–protein interactions in phase-separated sys-334

tems: (1) the averaged interactions between small molecules335

and constituent proteins based on their chemical composi-336

tion, and (2) interactions between small molecules and the337

local condensate environment, influenced by factors such as338

hydrophobicity, polarity, pore size, and water content within339

the condensates. Combined, these two sets of properties340

define an effective SM–X interaction between a given small341

molecule and protein residue X in a phase-separated sys-342

tem. Thus, we define an ansatz that describes this effective343

interaction, denoted εSM-X:344
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εSM-X = εfittedSM-Y × AX × DX. (1)

Eq. 1 defines an effective interaction between a given345

small molecule and a protein residue in a phase-separated346

system, εSM-X, as a function of the effective interaction be-347

tween the small molecule and tyrosine, εfittedSM-Y. This interac-348

tion is scaled by the affinity score for residue X, AX, and the349

condensate density ratio for X, DX—two metrics that we350

introduce. The first term in Eq. 1, εfittedSM-Y, sets a consistent351

baseline for calibrating interactions involving other amino352

acids. We define the affinity score of residue X,353

AX =
Ncontacts, X

Ncontacts, Y
, (2)

as the likelihood that a given small molecule will bind to354

residue X in a random peptide chain (Fig. 3c). AX is com-355

puted by simulating (at atomistic resolution) an ensemble356

of peptide chains, each 20 amino acids long and composed357

of one of each amino acid, and calculating the contact fre-358

quency between the small molecule and the amino acids,359

which is then normalized by the contact frequency with a360

tyrosine residue. We find that computing AX for about361

eight random chains each simulated for 500 ns is sufficient362

to obtain good statistics (Fig. S8). AX, therefore, provides363

a computationally inexpensive (compared to PMF calcula-364

tions), dynamic, and effective means of estimating the bind-365

ing strength between a small molecule (SM) and a protein366

residue (X)—essentially accounting for the chemical speci-367

ficity of the interaction. Because the diffusion of molecules368

is influenced by the presence of solvent within the conden-369

sate and its ability to move through a condensate network—370

a factor not captured well in a CG model based solely on371

pairwise interactions at infinite dilution—Eq. 1 includes an372

additional factor, DX, that accounts for the solvent volume373

fraction in the condensate. Here, we define DX as374

DX =
ρcond, X
ρcond, Y

. (3)

DX is calculated by normalizing the density of a model375

(YXY)2 condensate by that of a Y6 condensate. Thus, DX376

captures the effective free volume in the condensate when377

X is present.378

Using Eq. 1, we can then determine the effective interac-379

tion parameters that describe small molecule–protein inter-380

actions in condensates.381

Parameterizing effective interactions between small382

molecules and proteins in condensates383

In this section, we detail the parameterization process us-384

ing 2-methylpropane as an example (Fig. 3). Other small385

molecules in this study are parameterized using a similar386

procedure; the details are provided in the Supporting Infor-387

mation.388

The first step is to determine the parameters that define389

the strength of the self-interactions for a compound. These390

Wang–Frenkel potential parameters εSM−SM and µSM−SM391

are calculated based on the SM–SM PMF (described in the392

Methods section). Fig. 3a illustrates the PMF obtained for393

a pair of 2-methylpropane molecules (PMFs for the other394

molecules are shown in Fig. S1).395

Next, the effective interaction between the small molecule396

and tyrosine εfittedSM−Y is determined, using optimization397

through direct coexistence simulations in the slab geom-398

etry [44] (Fig. 3b and the Methods section). Here, the399

initial value for the optimization εinitialSM−Y is computed based400

on the SM–Y PMF. The final value, εfittedSM−Y, is obtained401

by optimizing εinitialSM−Y through a series of CG simulations402

of a Y6 condensate, to reproduce the partitioning obtained403

from all-atom simulations in the corresponding system (Ta-404

ble S4 and Fig. S4c). Rather than performing a PMF cal-405

culation to find εinitialSM−Y, we find that initial values within a406

range of 0.2 kcal/mol (for less partitioned compounds) to407

0.5 kcal/mol (for higher partitioned compounds) work well408

for all the small molecules tested.409

The affinity score AX for the SM–X pairs is then com-410

puted from Eq. 2 (Fig. 3c) based on generic protein chain411

simulations (see the Methods section). Finally, the conden-412

sate effective free volume parameter DX is calculated via413

CG slab simulations using Eq. 3 (Table S7). These steps414

yield the final set of effective interaction parameters εSM−X,415

based on Eq. 1.416

We verified the applicability of Eq. 1 by omitting the AX417

and DX in Eq. 1 and obtaining the parameters for other418

residues εfittedSM−X through performing the optimization with419

(YXY)2 peptides, similar to the procedure for obtaining420

εfittedSM−Y. Fig. 3d displays the obtained set εfittedSM−X versus421

εSM−X obtained by applying Eq. 1. The nearly linear re-422

lationship, with a correlation coefficient of 0.92 and root-423

mean-square deviation (RMSD) of 0.12, suggests that Eq. 1424

is a valid approximation to determine the set of parameters425

for various SM–X pairs based on a single optimization pro-426

cedure for the SM–Y pair, the affinity score AX that cap-427

tures the chemical specificity of the interactions between a428

given small molecule and a protein residue, and the conden-429

sate density ratio DX that implicitly accounts for residue(X)-430

specific effects on the condensate. The final set of param-431

eters for all small molecules (i.e., MAPPS) are provided in432

Table S8.433

Small-molecule partitioning observed atomistically is434

captured via coarse-grained simulation435

Peptide-based condensates436

The MAPPS approach was initially validated by simulat-437

ing the partitioning of selected small molecules into model438

condensates. For five peptide-based condensates (FYAFYF,439

FWAFWF, YQHQHY, NYANYN, and NFWAFS), we sim-440

ulated a subset of small molecules that exhibited divergent441

partitioning in all-atom simulations: cisplatin, phenol, 2-442
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FIG. 4: Validation of transferability of MAPPS on systems of short peptides. Coarse-grained (CG) and all-atom (AA) simulations
of a condensate with small molecules were conducted at 300 K and 150 mM salt concentration, with the protein concentration of 300
mM for FYAFYF, NYANYN, and YQHQHY peptides and of 240 mM for FWAFWF peptides, and the small molecules concentration
of 100 mM. (a) Partitioning coefficients of a subset of small molecules (cisplatin, phenol, 2-methylpropane, styrene, and nitrobenzene)
in the CG simulation versus AA simulations, for a set of peptides of various degrees of polarity FWAFWF, NFWAFS, YQHQHY,
FYAFYF, NYANYN; (b) partitioning of a larger set of small molecules in the CG simulation versus AA simulation for FYAFYF
and FWAFWF peptides and (c) YQHQHY and NYANYN peptides. The Pearson correlation coefficient r and the root-mean-square
deviation (RMSD) values are displayed. The dashed line represents the equity line.

methylpropane, styrene, and nitrobenzene. The comparison443

of the partitioning coefficients obtained from CG simula-444

tions via MAPPS with the corresponding values from the445

atomistic simulations is presented in Fig. 4a. The CG sim-446

ulations capture the trends observed in the atomistic simu-447

lations for each model condensate, showing increased par-448

titioning with increasing compound hydrophobicity. Over-449

all, we observe better agreement with the all-atom simu-450

lations for more hydrophobic condensates: FWAFWF and451

FYAFYF. For FWAFWF, there is almost quantitative agree-452

ment reached for all compounds. Based on these results,453

we additionally verified the performance of the models for454

a range of the concentrations of the compounds using the455

FWAFWF system (Fig. S10).456

For the larger set of compounds (displayed in the leg-457

end of Fig. 4), we simulate their partitioning in FYAFYF,458

FWAFWF, YQHQHY, and NYANYN condensates, and459

compare the results against the values obtained in the corre-460

sponding all-atom simulations (Fig. 4b,c). The simulations461

capture the increasing magnitude of the K values with in-462

creasing peptides hydrophobicity, ranging from the maxi-463

mum of 1.2 for NYANYN, 2.8 for YQHQHY, and reach-464

ing approximately 8 in FYAFYF and FWAFWF. Notably,465

the agreement between the results from the two resolutions466

was stronger for compounds partitioning into the more hy-467

drophobic condensates, FYAFYF and FWAFWF (Fig. 4b).468

Fig. S9 additionally shows the CG results plotted similarly469

to Fig. 2 for K versus logP, solubility, and the molecular470

diameter (size). The CG simulations correctly predict dimin-471

ished partitioning for thiophenol and toluene compared to 2-472

methylpropane and nitrobenzene in FYAFYF. The CG simu-473

lations also exhibit quantitative predictions for almost all the474

systems with benzonitrile, nitrobenzene, and phenol. Addi-475

tionally, the preference for compounds such as nitroben-476

zene (lower hydrophobicity) over 2-methylpropane (higher477

hydrophobicity) was captured for YQHQHY (Fig. 4c).478

In contrast to the all-atom simulations, the molecular479

size emerges as a more significant factor governing par-480

titioning in the CG simulations (with consistently higher481

correlation coefficients, Fig. S9). Additionally, the CG sim-482

ulations systematically overestimate partitioning for most483

of the compounds in the polar condensates, in particu-484

lar for high logP > 2 compounds such as styrene. The485

discrepancy comes from the fact that highly hydrophobic486

compounds with low solubility, such as styrene, exhibit487

significantly lower partitioning into polar condensate en-488

vironments, which may not be captured as effectively via489

MAPPS. We hypothesize that the predictions for such sys-490

tems may be improved by additional terms in Eq. 1 that491

account for molecule solubility. For all condensates, a signif-492

icant deviation from the atomistic predictions was observed493

for dioxane, cyclopentanol, furan, and acetic acid. Of note,494

these are all oxygen-containing molecules; thus, points to a495

need to incorporate additional adjustments in the procedure496

to account for the specific chemistry of such interactions.497

In summary, MAPPS captures the trends in the parti-498

tioning values for hydrophobic environments but yields a499

systematic overestimation of partitioning into more polar500

condensates. The reduced accuracy of the approach in polar501

environments suggests a deficiency in accounting for small502

molecule–solvent interactions. This highlights the need for503

a refined parameterization that incorporates additional in-504

teraction types to more faithfully account for the effect of505

the solvent.506

FUS LCD condensate507

In addition to the peptide-based condensates, we also test508

our MAPPS approach against atomistic simulations for con-509

densates made up of low-complexity domains (LCDs). Here,510

we report our results for small-molecule partitioning into a511

FUS LCD condensate. To simulate the all-atom (AA) con-512

densate, we first equilibrate a FUS condensate at the CG513
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FIG. 5: Simulations of FUS LCD condensate with small molecules in all-atom (AA) and coarse-grained (CG) resolutions.
Simulations were conducted at 300 K and 150 mM salt concentration. 64 chains of FUS LCD were simulated, at a protein concentration
of 12.5 mM and small molecules concentration of 30 mM. (a) Backmapping procedure to obtain the AA configuration of the condensed
FUS LCD chains. (b) Partitioning coefficients obtained in CG simulation versus AA simulations. The error bars for the values from
the CG simulations are within the markers. (c) Normalized contact frequency between a molecule and a single residue of FUS-LCD
in the CG simulation versus AA simulation (each marker corresponds to a single residue). The errors are computed as standard errors
for the frequency of contacts across the analyzed time frames.

level using Mpipi [41] and use a backmapping procedure [50]514

to generate the corresponding AA configuration (Fig. 5a).515

Due to the high computational costs, the all-atom simula-516

tions with FUS include only a small set of compounds—517

cisplatin, 2-methylpropane, pyrrole, and thiophenol—which518

we also simulated using the CG approach. Specifically, the519

compounds chosen for testing give good agreement between520

CG and all-atom predictions for the peptide-based conden-521

sates.522

Across the two resolutions, we obtain a good agree-523

ment in partitioning coefficients for the compounds tested524

(Fig. 5b; r = 0.99); although the CG predictions were sys-525

tematically higher. The quantitative discrepancy may pri-526

marily stem from the longer time scales needed to capture527

the partitioning in the all-atom simulation, where diffusion528

is hindered by the presence of explicit solvent and ions. Ad-529

ditionally, since the FUS LCD has a large fraction of polar530

residues (58%), the consistently higher K values observed531

in the CG simulations may result from the systematic over-532

estimation of the partitioning into more polar environments,533

as was shown for the peptide-based systems.534

We also examine whether the interaction landscapes of535

the compounds in the condensates are consistent at the two536

length scales. Specifically, we measure the contact proba-537

bility of each compound with the residues in FUS LCD in538

the phase-separated systems (Fig. 5c). Here, we observe a539

strong linear correlation (r = 0.90) between the frequency540

of residue contacts at the AA and CG resolutions. This re-541

sult strongly suggests that the CG simulations can capture542

key interaction patterns found in the higher-resolution AA543

system. Figure S12 also shows the distribution of these val-544

ues per residue for each of the compounds, illustrating high545

correlation for each compound.546

LCD-based condensates exhibit varying partitioning of small547

molecules548

Using CG simulations, we investigate small-molecule par-549

titioning into condensates composed of low-complexity do-550

mains (LCD) of proteins. We focus on FUS, hnRNPA1551

(here, A1), EWSR1, and TIA1 LCDs that have been shown552

to be important for condensate formation in vitro and in-553

cells [51–55]. The small molecule-to-protein molar concen-554

tration (in the range of 0.2–0.7) is chosen to be consistent555

with experimental assays [56, 57]. Fig. 6a illustrates the556

residue composition of each LCD. Fig. 6b shows the dis-557

tribution of the partitioning coefficients for each LCD ob-558

tained for a set of molecules at 300K and 150mM salt.559

Additionally, Fig. 6c–f depict the K values as a function of560
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FIG. 6: Coarse-grained simulations of small molecules partitioning into condensates of low-complexity domains of proteins.
The following low-complexity domains were simulated: FUS, EWSR1, TIA1, and A1 of 12 mM, 7 mM, 20 mM, 16 mM concentrations,
respectively. The concentration of the small molecules for each system was 30 mM. Simulations were conducted at 300 K and 150
mM salt concentration. (a) Compositions of the residues for the simulated LCDs. The following residues classification is used:
“hydrophobic” – A, I, L, M, V; “aromatic” – F, W, Y; “polar” – N, Q, S, T; “charged (+)” – R, K, H; “charged (-)” – D, E; “other”
– C, G, P. (b) Partitioning coefficients K for FUS, EWSR1, TIA1, and A1 LCDs per compound. Error bars represent standard
errors. The inset plot is the box-and-whisker plot of partitioning coefficients K for each protein across all tested molecules. The box
represents the interquartile range (IQR), with the lower and upper edges corresponding to the first (Q1) and third (Q3) quartiles,
respectively. The horizontal line inside the box indicates the median K value. (c-f) Partitioning coefficients plotted against the
compounds logP values. The yellow arrow represents the decreasing percentage of the polar residues among the LCDs. Displayed
values r is the Pearson correlation coefficient.

the compounds logP value, for each LCD system.561

The partitioning coefficients show the greatest variability562

for hydrophobic compounds, such as styrene, which ranged563

from K = 1.75 in A1 to K = 3.0 in TIA1, where styrene564

achieved its highest partitioning. Thiophenol also displays565

significant variation, with K values ranging from 1.1 in A1566

to 2.1 in EWSR1, highlighting the heightened sensitivity of567

hydrophobic compounds to differences in condensate envi-568

ronments. Nitrobenzene shows a strong preference for FUS569

and EWSR1, as indicated by its higher K values exceeding570

1.5. Notably, only in A1 did dioxane exhibit a higher K571

value than furan, suggesting a specific affinity of dioxane572

for residues in A1 condensates.573

To analyze the differences in the overall distribution of574

the partitioning values among the proteins, we conduct the575

Kruskal–Wallis test [58]. This non-parametric test is chosen576

as it does not assume normality and is suitable for comparing577

multiple independent groups. Following the Kruskal–Wallis578

test, Dunn’s post-hoc test with Bonferroni correction [59]579

is performed to assess pairwise differences between the pro-580

teins.581

The Kruskal–Wallis test results (test statistic H = 7.60,582

with p = 0.055) suggest that while some differences may ex-583

ist in K among the proteins, the overall statistical evidence584

is weak, as the p-value is slightly above the conventional585

significance threshold of 0.05. However, post-hoc pairwise586

comparisons using Dunn’s test reveals a potentially signifi-587

cant difference between EWSR1 and TIA1 (p = 0.046).588

A closer examination of partitioning trends indicates that589

in the EWSR1 system most compounds favor the condensed590

phase (K > 1), with only pyrrole and cisplatin showing a591

preference for the dilute phase. In contrast, in the other592

protein systems—FUS, A1, and particularly TIA1—lower593

partitioning coefficients are observed overall. Notably, only594

nitrobenzene, styrene, and thiophenol demonstrate a strong595

preference for the condensed phase in these systems. TIA1,596

in particular, shows systematically lower partitioning, with a597

median K below 1. This is largely due to the higher density598

of TIA1 compared to other systems (Fig. S11), which gen-599

erally leads to more complex diffusion of the compounds.600

However, when high-affinity interactions are present, they601

override transport limitations, resulting in higher K values602

compared to less dense condensates, as seen in the case of603

styrene partitioning in TIA1. Hence, despite the generally604

lower partitioning in TIA1, compounds with high logP val-605

ues exhibit the highest K values in this system, significantly606

shifting its median partitioning. This pattern arises from607

the high proportion of hydrophobic and aromatic residues608
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in TIA1, which strongly enhance interactions with highly609

hydrophobic compounds.610

More broadly, our findings demonstrate that partition-611

ing is not solely dictated by chemical specificity but is also612

shaped by condensate composition and physical properties,613

particularly density. Thus, accurately comparing different614

proteins requires recognizing the dynamic balance between615

diffusion constraints and high-affinity interactions. Hence,616

factors such as crowders used to form the condensed phase617

and other environmental factors must be accounted for by618

experimentalists evaluating molecular potency, since ignor-619

ing these considerations may lead to misinterpreting parti-620

tioning trends within condensates.621

DISCUSSION622

In recent years, biomolecular condensates have been po-623

sitioned as therapeutic targets, which has sparked intense624

interest in elucidating the factors that drive small-molecule625

partitioning into condensates. In this work, we leverage626

molecular dynamics simulations to interrogate which factors627

dictate localization of small molecules into condensates. At628

atomistic resolution, we systematically examine partitioning629

behaviors across ∼65 systems comprising a diverse set of630

small molecules and peptide-based condensates. Our find-631

ings reveal that for small molecules with low hydrophobic-632

ity (logP < 2), partitioning into condensates scales ap-633

proximately linearly with logP, particularly in condensates634

enriched in hydrophobic residues. However, for more hy-635

drophobic compounds (logP > 2), this linear relationship636

weakens, and solubility becomes the dominant factor. We637

find that this effect is particularly pronounced in conden-638

sates enriched in polar residues. Our findings suggest that639

even when protein condensates are, on average, more hy-640

drophobic than their surrounding environment, the presence641

of polar residues overrides the expected dependence of hy-642

drophobicity on molecular partitioning, leading to a prefer-643

ential selection of molecules with lower logP values. This644

highlights the critical role of the condensate chemical en-645

vironment in dictating molecular partitioning within con-646

densates. Overall, our atomistic simulations are consistent647

with recent studies [32, 33] and point to a complex inter-648

play between small-molecule characteristics and condensate649

chemical environment.650

Levering these insights, we optimize a set of minimal651

coarse-grained (CG) models (MAPPS) to efficiently predict652

small-molecule partitioning into biologically relevant con-653

densates. Our approach, built upon a residue-resolution654

CG model of proteins [41], captures the chemical speci-655

ficity of small molecule–protein interaction via an affinity656

score and accounts for the effective free volume for accom-657

modating small molecules via a derived empirical relation.658

We show that MAPPS demonstrates good transferability659

and predictability for different systems, including in pre-660

dicting small-molecule partitioning into LCD-based conden-661

sates, validated by all-atom simulations of the FUS LCD sys-662

tem. MAPPS effectively captures partitioning ratios among663

various compounds for condensates enriched in hydropho-664

bic residues, and accurately reflects increased partitioning in665

more hydrophobic condensates. MAPPS, therefore, offers666

a fast and versatile approach for estimating the partition-667

ing of organic compounds into biologically relevant protein668

condensates.669

As examples, we demonstrate that MAPPS enables effi-670

cient screening of small-molecule interactions with conden-671

sates of FUS, hnRNPA1, EWSR1, and TIA1 LCDs, revealing672

key differences in partitioning behavior across these proteins.673

We find that in EWSR1 condensates, small molecules show674

strong preference for the condensed phase, whereas parti-675

tioning is generally lower in TIA1 condensates. However,676

highly hydrophobic molecules deviate from this trend, dis-677

playing increased partitioning in TIA1, likely due to selective678

interactions driven by its high proportion of hydrophobic and679

aromatic residues. The variation in partitioning across dif-680

ferent proteins underscores the influence of sequence com-681

position and chemical specificity of small-molecule interac-682

tions. Interestingly, despite being the most hydrophobic683

LCD, TIA1 does not necessarily promote the strongest par-684

titioning. Our simulations indicate that TIA1 condensates685

exhibit higher densities under similar conditions, resulting686

in smaller pore sizes and restricted diffusion. This result687

suggests that beyond chemical affinity, physical properties688

such as condensate density impose additional constraints on689

partitioning.690

Despite the success of MAPPS in capturing trends in691

partitioning, we find that as the fraction of polar residues692

grows, the approach overestimates partitioning relative to693

all-atom results. Since the LCDs probed here contain a siz-694

able fraction of polar residues, we expect the predictions695

to preserve the trends in partitioning while representing an696

upper bound. MAPPS also shows significant deviations for697

highly-polar small molecules, as well as oxygen-containing698

molecules such as ethers. These discrepancies highlight op-699

portunities to better account for effects such as solubility700

and self-interactions of molecules in future refinements.701

Together, our modeling approach enables the rapid esti-702

mation of partitioning trends in biologically relevant conden-703

sates, demonstrating quantitative accuracy for highly hy-704

drophobic compounds in hydrophobic condensates. By fol-705

lowing the MAPPS procedure, new compounds of interest706

can be efficiently parameterized for predictive simulations.707

In the future, we aim to expand MAPPS to a comprehen-708

sive library of parameterized compounds, including practical709

pharmaceuticals, providing a readily accessible resource for710

screening interactions with LCDs.711

More broadly, our findings demonstrate that chemi-712

cal properties of compounds do not solely dictate small-713

molecule partitioning but are also shaped by condensate714

physicochemical properties. This finding underscores the715

importance of considering both molecular interactions and716

condensate properties when evaluating partitioning behav-717

ior. Consequently, experimentalists must account for factors718

such as crowding agents and condensate density when as-719

sessing the selectivity of small molecules for condensates.720
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METHODS721

Simulations models722

Mpipi model for protein–protein interactions723

The coarse-grained (CG) models for the small molecules724

are built upon Mpipi [41], a residue-resolution sequence-725

specific CG model, which was previously shown to effectively726

predict phase separation of intrinsically disordered proteins.727

In Mpipi, each amino acid is represented by a single bead,728

with its corresponding physical properties such as mass,729

molecular diameter (σ), charge (q), and an energy scale730

that reflects the relative frequency of planar π–π contacts731

(ε). The total interaction energy is a sum of bonded interac-732

tions within a chain Ebond, electrostatic contributions Eelec,733

and short-ranged non-bonded interactions between beads734

Epair:735

EMpipi = Ebond + Eelec + Epair. (4)

Bonds in the Mpipi model are represented via harmonic736

springs:737

Ebond =
∑
i

1

2
k(ri − r0i )

2, (5)

where k is the force constant and r0i is the equilibrium dis-738

tance. k is set to 0.192 kcal/mol/Å2 and r0i to 3.81 Å. The739

electrostatic contribution is modeled via a Coulomb inter-740

action term with Debye–Hückel screening:741

Eelec =
∑
i ,j

qiqj
4πϵr ϵ0ri j

exp(−κri j), (6)

where ϵr = 80 is the relative dielectric constant of water,742

ϵ0 is the electric constant, and κ−1 = 0.795 nm is the De-743

bye screening length, corresponding to a monovalent salt744

concentration of 150mM. The uncharged non-bonded in-745

teractions are modeled via the Wang–Frenkel potential:746

Epair =
∑
i ,j

εi ,jαi ,j

[(σi ,j

r

)2µi ,j

− 1

] [( rc
r

)2µi ,j

− 1

]2νi ,j

,

(7)
where747

α = 2νi ,j

(
rc
σi ,j

)2µi ,j
[

1 + 2νi ,j
2νi ,j [(rc/σi ,j)2µi ,j − 1]

]2νi ,j+1

, (8)

and σi ,j , εi ,j and µi ,j are parameters specified for each pair748

of interacting beads, and rc is the cutoff radius. For most749

amino acids, in the original Mpipi implementation, µi ,j = 1750

and νi ,j = 1. rc is 3σi ,j for each pair. All parameters for the751

Mpipi model can be found in Ref. [41].752

Coarse-grained parameters for small molecules753

The atomistic potential-of-mean-force (PMF) profiles are754

used to determine the relative strength of self-interactions755

of the small molecules (εSM-SM), described by the Wang–756

Frenkel potential (Eq. 7). The area of the first well in757

PMF profiles for a pair of molecules is numerically evaluated758

and compared to the PMF of tyrosine–tyrosine interactions.759

This ratio is then used to assess the relative strength of760

the interactions between the molecules. The parameters761

εSM-SM and µSM-SM (with fixed νSM-SM = 1 according to762

the value for most amino acids in Mpipi) are then varied so763

that (1) the ratio εSM−SM to εY (tyrosine self-interaction764

from the Mpipi model) deviated by no more than 10% from765

the ratio of a minimum of the PMF profile of the molecule–766

molecule interaction to the minimum of the PMF profile of767

the tyrosine–tyrosine interaction, (2) the ratio of the well768

areas under the curve of the PMF profile to such area of769

the Wang–Frenkel potential corresponding to the SM–SM770

and tyrosine–tyrosine pairs deviated by no more than 10%.771

The obtained parameters εSM-SM, µSM-SM are assigned to772

the small molecule represented as a single interaction site773

(a bead). The bead size σSM−SM is calculated based on774

the molecule’s estimated van der Waals radius. Each bead775

is assigned a neutral charge. The σSM−X, which represents776

the small-molecule–X (where X is an amino acid) distance777

when the potential is equal to zero, is obtained based on an778

arithmetic rule, using the values of the Mpipi model for the779

amino acids σresidue.780

Test systems781

We study a set of small molecules to assess the im-782

pact of hydrophobicity and solubility on the partition-783

ing: 2-methylpropane, acetic acid, aniline, benzene, ben-784

zonitrile, butane, cisplatin, cyclopentanol, dioxane, furan,785

isopropanol, nitrobenzene, phenol, pyrrole, styrene, thio-786

phenol, toluene. These molecules are selected as they are787

comparable in size and small enough to represent as a sin-788

gle bead (estimated molecular diameter less than 6 Å) and789

have zero net charge. The transferability of the models790

is validated by calculating their partitioning into a vari-791

ety of model condensates: FWAFWF, FYAFYF, NYANYN,792

NFWAFS, and YQHQHY. The number of protein chains,793

small molecules and their molar concentration in each sys-794

tem are given in Table S3 for the all-atom simulations and795

Table S6 for the CG simulations.796

We also examine partitioning of small molecules into con-797

densates formed by the low-complexity domain (LCD) of798

the proteins FUS, EWSR1, TIA1, and A1 of 12mM, 7mM,799

20mM, 16mM concentrations, respectively. The concen-800

tration of each of the small molecules is 30mM. The choice801

of the concentrations is based on the recent experimental802

works on small-molecule partitioning, where the molar con-803

centration of small molecules was several times higher than804

the protein [56, 57], and to ensure a consistent number den-805

sity of protein residues in a simulation of approximately 1.2806

beads/nm3. All systems are modeled using direct coexis-807

tence simulations in the slab geometry.808
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Potential-of-mean-force calculations809

PMF calculations are performed with the GROMACS810

software [60]. The Amber03ws force field with the TIP4P811

water model is used to model amino acids and water–ion in-812

teractions [61]. The initial structures of the small molecules813

are optimized with the Restrained Electrostatic Potential814

(RESP) fitting approach [62] at the HF/6-31G(d,p) level815

of theory using Gaussian software [63]. The charges ob-816

tained are combined with the GAFF2 force field [64] param-817

eters for bonded and non-bonded interaction parameters of818

a molecule, generated via AmberTools [65]. As GAFF2 does819

not incorporate parameters for platinum, the AMBER force820

field parameters for cisplatin are taken from Ref. [66].821

Each pair of molecules is placed in a cubic box of size822

40 Å × 40 Å × 40 Å and solvated with water and ions823

at 150mM NaCl concentration. The distance between the824

centers of mass of the two structures is used as the umbrella825

sampling coordinate, with a distance of 14 Å taken as the826

reference state. At least 50 umbrella windows are used for827

each pair, with additional windows added for certain sys-828

tems that require extra sampling. Each window is initially829

energy-minimized using the steepest-descent algorithm. An830

umbrella sampling simulation of 10 ns is performed for each831

window, with the harmonic force constant varying from832

2000 to 6000 kJ/mol/nm2. The potential mean force pro-833

file is then calculated using the weighted histogram analysis834

method [67].835

Frequency of contacts836

Atomistic simulations are used to estimate the normalized837

number of contacts between a small molecule and each pro-838

tein residue. To do this, we simulate a set of 7 to 8 single839

chains composed of the 20 amino acids randomly arranged.840

Each chain and molecule are placed in a cubic box and841

solvated with water and ions. The Amber03ws force field842

with TIP4P water is used. The system is energy-minimized,843

and a simulation in the NVT ensemble is performed for844

at least 500 ns. The number of contacts between the non-845

heavy atoms of a residue and the molecule within 6 Å is846

calculated from the trajectories. First, contact values are847

binarized (1 if present, 0 otherwise), then summed to ob-848

tain the total number of frames with contacts. This sum is849

divided by the total number of frames, yielding a normalized850

contact frequency between 0 and 1. For each system, we851

perform three independent runs, placing the molecule in a852

random position. The mean and standard error of the mean853

are calculated across the chains and the three sets of runs854

for each chain.855

In the all-atom simulation of the FUS LCD condensate,856

the contacts are computed for trajectories from 300 ns to857

600 ns of the simulation time, collected every 10 ns. The858

values are additionally normalized by the number of occur-859

rences of the residue in the protein sequence and the total860

chain length, and the error is estimated as the standard error861

across the values.862

In the CG simulations of the FUS LCD condensate,863

the number of contacts is averaged across the trajecto-864

ries collected every 1 ns, calculated within a pair-wise cut-865

off distance for each residue–small molecule pair (rcut =866

1.5 × σSM−X). A contact is defined as any occurrence of867

the center of mass of a molecule within the cut-off distance868

from a residue’s center of mass. The normalized contact869

frequency values are calculated using a method similar to870

that applied for the all-atom simulation data.871

Simulation of phase coexistence and partitioning872

All-atom simulations of peptide-based condensates873

All-atom simulations of phase coexistence in a solution874

with small molecules are performed using GROMACS soft-875

ware [60]. Small molecules are represented as in the PMF876

calculations. For protein structures, the Amber03ws force877

field is used with the TIP4P water model [61]. The initial878

configurations of the peptides (capped with the NME and879

ACE groups) are generated using PyMOL [68].880

For the model peptides, 100 to 150 chains are simulated.881

For each system, the peptides are first placed in a cubic882

box, minimized with the steepest descent algorithm, and883

the system was relaxed in NPT ensemble at 1–50 bar and884

300 K for 50–100 ns with a time step of 1–2 ps, to achieve885

the protein density of approximately 1 g/cm3. The temper-886

ature is kept constant using a stochastic velocity rescaling887

algorithm and the pressure is kept constant with a Par-888

rinello–Rahman barostat. Bonds involving hydrogen atoms889

are constrained to their equilibrium lengths using the LINCS890

algorithm. Long-range electrostatic interactions are mod-891

eled using the particle-mesh Ewald method with a grid spac-892

ing of 0.1 nm. Dispersion interactions and short-range re-893

pulsion are described by a Lennard–Jones potential with a894

cutoff at 0.9 nm.895

The isotropically compressed configuration is then ex-896

panded into a slab, with one of the axes of the box elon-897

gated. The slab is solvated with water and ions, and the898

systems are energy minimized and further equilibrated in899

the NVT ensemble—yielding a peptide-rich (condensed)900

phase and a peptide-poor (dilute) phase in coexistence. For901

each system, small molecules are added to the box (dilute902

phase region). The box is further solvated with water and903

ions at 150mM concentration. The obtained configurations904

are energy minimized and simulated in the NVT ensemble,905

with equilibration for 500 ns and production runs of at least906

500 ns to obtain an equilibrated cumulative average of the907

partitioned molecules (evolution of the values with time is908

shown in Fig. S4).909

For estimation of the partitioning coefficients, we analyze910

trajectories from the production runs, where data points911

are collected at 10 ns intervals. The number density pro-912

files across the long axis of the box (divided into 50 slices,913

which was verified to be optimal) are averaged over the914

collected trajectories (Fig. S4). The location of the inter-915

face (and hence the condensate) is determined using the916
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DBSCAN (Density-Based Spatial Clustering of Applications917

with Noise) algorithm [69]. Partitioning coefficient K is es-918

timated as the ratio of the number of molecules (per bin on919

average across the trajectory) within the condensate to the920

number of molecules in the dilute phase:921

K =
Ncondensate

Ndilute
. (9)

The error associated with partitioning is estimated by prop-922

agating the uncertainty from the averaged number density923

profiles (see Supporting Information for the details on the924

error analysis).925

Coarse-grained simulations926

All coarse-grained simulations are conducted using927

LAMMPS (version 23 Jun 2022) [70–73]. The protein in-928

teractions are modeled with the Mpipi force field. Initially,929

the protein copies are compressed in the NPT ensemble930

using a time step of 10 fs and coupled to a Langevin ther-931

mostat with a relaxation time of 10 ps. The simulation box932

was then expanded to a slab configuration, maintaining a933

volume corresponding to the concentration in the analogous934

all-atom simulation, achieving a total protein density of ap-935

proximately 300 kg/m3. Each simulation is subsequently run936

in the NVT ensemble for 200 ns to obtain pre-equilibrated937

condensate configurations. Small molecules are randomly938

added to the slab configuration of the protein (Ntotal = 350939

for peptide-based systems and Ntotal = 95–150 for LCDs).940

An NVT simulation is then performed for 200 ns of equili-941

bration and 500 ns production, over which the average prop-942

erties and the standard errors are computed.943

The phase boundary of the condensate is estimated based944

on the slope of the protein density profile. Partitioning is945

then determined by analyzing the density profile of the small946

molecules relative to the condensate region. We then calcu-947

late the total number of molecules within the “condensate948

boundary”. As in the all-atom simulations, the partitioning949

coefficient K is calculated as the ratio of the number of950

molecules (per bin on average across the trajectory) within951

the condensate boundary to the number of molecules in the952

dilute phase.953

All-atom simulations of FUS LCD954

The initial structure for all-atom simulations of the955

phase-separated FUS-LCD system in a slab configuration is956

mapped from a CG slab simulation with the Mpipi model,957

which is initially run for 1-microsecond with 64 FUS-LCD958

chains. To convert the equilibrium CG condensate into fully959

atomistic systems, we employ a multi-step procedure aimed960

at accurately reconstructing the atomistic details while min-961

imizing steric clashes [50]. The first step involves recon-962

structing each chain from the final CG structure in all-atom963

detail using the Pulchra [74] algorithm, a tool for restor-964

ing atomic-level connectivity and geometry from CG mod-965

els. Pulchra operates by interpreting the CG structure’s966

backbone and side-chain information, generating atomistic967

models with proper stereochemistry.968

Next, we address the steric clashes that inevitably arise969

in the reconstructed atomistic structure due to differences970

in resolution between the CG and all-atom models and the971

high density of the condensate. To do this, we map the972

configuration to the Martini2 model [75] using the Martinize973

script [76]. This step is performed to reduce atomic overlaps974

while still preserving the explicit representation of backbone975

and side-chain atoms. In addition, we use standard Martini976

water and ions to represent the environment.977

The third phase of the backmapping process utilizes the978

“backward” program [77], which is designed specifically for979

mapping the CG Martini configuration back onto the full980

atomistic resolution. In this step, we exclude the water981

molecules from the Martini configuration. The result is a982

refined all-atom configuration. Finally, we filled the simu-983

lation box with water molecules and ions at 150 mM NaCl984

concentration. The all-atom direct coexistence simulations985

in the slab geometry are then carried out for 600 ns, using986

the Amber03ws force field with TIP4P water.987

Performance of MAPPS988

The entire MAPPS procedure is described by Eq. 1 and989

in Fig. 3. Step 1 involves a single PMF calculation for990

a given small molecule (∼50 GPU hours). Step 3 is the991

computation of the set affinity scores AX pertaining to the992

small molecule. This can be estimated from about 24 in-993

dependent (8 chains and 3 random molecule placements)994

single-chain simulations (total of ∼100 GPU hours). Step995

4, which involves the condensate density ratio, does not996

need to be computed per small molecule. Instead, we pro-997

vide these values in Table S7 for all X residues. The only998

expensive part of this method is Step 2 (Fig. 3b). On aver-999

age, it takes about 7 microseconds of aggregate simulation1000

time: ∼1 microsecond (or 120 GPU hours) for the atomistic1001

K and ∼6 microseconds (or 2,500 CPU hours ≈ 125 GPU1002

hours) in CG for the optimization to get a good estimate1003

of εfittedSM−Y. Combining with 1–4, step 5 can then be run for1004

a biologically relevant condensate to estimate K in a given1005

system which takes ∼1 GPU hour. With our approach, the1006

entire procedure takes ∼400 GPU hours and allows rapid1007

screening of multiple systems through the CG simulations,1008

while a 1-microsecond all-atom simulation of LCDs used1009

to estimate partitioning in one system requires more than1010

1000 GPU hours (starting from an equilibrium condensate1011

configuration obtained through a backmapping procedure).1012

CODE AND DATA AVAILABILITY1013

The source code for MAPPS and input scripts used for1014

simulations can be found at the Joseph Group GitHub repos-1015

itory: https://github.com/josephresearch/MAPPS.1016
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SUPPORTING INFORMATION1017

Amino-acid sequences of LCDs studied, potential-of-1018

mean-force profiles for small molecule pairs, MAPPS pa-1019

rameters, additional all-atom and coarse-grained simulation1020

results (PDF).1021
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