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Martini3-IDP: improved Martini 3 force field
for disordered proteins

Liguo Wang 1, Christopher Brasnett 1, Luís Borges-Araújo 2,3,
Paulo C. T. Souza 2,3 & Siewert J. Marrink 1

Coarse-grained (CG) molecular dynamics (MD) is widely used for the efficient
simulation of intrinsically disordered proteins (IDPs). The Martini model, one
of the most popular CG force fields in biomolecular simulation, was reported
to yield too compact IDP conformations, limiting its applications. Addressing
this, we optimized the bonded parameters based on fitting to reference
simulations of a diverse set of IDPs at atomistic resolution, resulting in a
Martini3-based disordered protein model coined Martini3-IDP. This model
leads to expanded IDP conformations, greatly improving the reproduction of
the experimentally measured radii of gyration. Moreover, contrary to ad-hoc
fixes based on scaling of protein-protein or protein-water interactions,
Martini3-IDP keeps the overall interaction balance underlying Martini 3. To
validate that, we perform a comprehensive testing including full-length mul-
tidomain proteins, IDP-lipid membrane binding and IDP-small molecule
binding, confirming its ability to successfully capture the complex interplay
between disordered proteins and diverse biomolecular components. Finally,
the recently emerging concept of biomolecular condensate, through liquid-
liquid phase separation, was also reproduced by Martini3-IDP for a number of
both homotypic and heterotypic systems. With the improved Martini3-IDP
model, we expand the ability to simulate processes involving IDPs in complex
environments, at spatio-temporal scales inaccessible with all-atom models.

In eukaryotic proteomes, more than 30% of the residues are classi-
fied as intrinsically disordered1,2. And in human proteomes, around
70% of proteins are reported to possess disordered regions of 30
residues length or even longer3. In contrast to conventional well-
structured folded proteins, intrinsically disordered protein (IDPs) or
disordered regions (IDRs) exist in an ensemble of interconverting
distinct conformations without an overall stable 3D structure. Due
to this conformational plasticity, IDPs and IDRs are capable of
mediating multivalent, malleable molecular interactions with
diverse partners and function in a wide range of cellular processes,
including gene transcription, translation, cell signaling, nuclear
transport and local organization4–10.

Molecular dynamics (MD) is an effective tool for characterizing
the conformational ensembles and resulting microscopic behavior of
IDPs and IDRs. Limited by current computing speed, high-accuracy
atomistic resolution simulations of IDP/IDRs remain challenging,
because coverage of larger spatio-temporal scales compared to con-
ventional globular proteins is required to adequately sample the
configurational space. Consequently, coarse-grained (CG) models,
which represent groups of atoms as single beads, are widely used as a
computationally efficient alternative to atomistic models while still
capturing essential structural and dynamic features11.

One of the most popular CG models is Martini12,13, a generic force
field for simulation of (bio)molecular interactions. However, recent
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work indicated that the latest version, Martini 3, results in overly
compact conformations across a wide set of IDPs and multi-domain
proteins with IDR linkers14–16. To recover accurate radii of gyration
compared to experimental data, different strategies have been pro-
posed, including shifting backbone-water interactions via virtual sites17

or complete rescaling of protein-water or protein-protein
interactions14,18, analogous to approaches used in the atomistic simu-
lation field to expand IDP conformations19. Although such pragmatic
fixes can beused in certain applications, they offset the overall balance
of interactions with other biomolecules in the Martini model. More-
over, it has been shown that folded proteins in Martini 3 are less sticky
after alleviating the protein aggregation problem in Martini 2 and
protein dimerization is relatively weak in aqueous solution20–22.
Rescaling of protein-protein or protein-water interactions for folded
proteins would therefore be required in directions opposite to IDPs,
making this strategy undesirable.

In this work we aimed to identify the primary cause of the con-
formational collapse of IDPs in Martini 3. To this end, in addition to a
well-established benchmark previously published17, we ran micro-
second length simulations on a new set of IDPs, using Martini 3 and an
all-atom (AA) model for comparison. By analyzing this combined
dataset, we found a substantial discrepancy in the locally accessible
configurations sampled by Martini 3 compared to the reference ato-
mistic force field. By optimizing the protein bonded parameters, tar-
geting the configurational distributions obtained with atomistic
resolution23,24 as a reference, we developed a Martini 3 disordered
protein model, coined Martini3-IDP. This model samples more
expanded IDP conformations, aligning better with atomistic simula-
tions and performing well in reproducing experimental radii of gyra-
tion.Moreover,Martini3-IDP iswell integratedwith the currentMartini

framework and is available for general applications, offering an
advantage over other specifically trained CG force fields for IDPs25–27.
To validate this, we measured overall conformational metrics, includ-
ing radius of gyration, across a diverse set of multidomain proteins
finding good agreement with experimental values. Additionally, the
interactions between IDPs and several other molecule types in the
extensive chemical space covered by the Martini framework—such as
lipid membranes and small-molecule ligands—were validated. Finally,
for both homotypic and heterotypic IDP-based systems, biomolecular
condensate formation via liquid-liquid phase separation (LLPS) was
also reproduced by Martini3-IDP with near quantitative accuracy.

Results
Martini 3 samples collapsed conformations of IDPs
To analyze the conformational behavior of IDPs in Martini 3, we chose
9 typical IDPs (Supplementary Table 1), covering diverse systems from
the recent benchmark work which suggested too compact IDP con-
formations in Martini 314. Each IDP was simulated in excess solvent for
10-25 μs, which is sufficient for convergence of the radius of gyration
(Rg) (Supplementary Fig. 14). As shown in Fig. 1A and consistent with
previous reports, Martini 3 recovers overly compact IDP conforma-
tions across the whole dataset, as seen by the underestimated Rg
compared to values derived from small-angle X-ray scattering (SAXS)
data, with a mean absolute error (MAE) of 1.058 nm. Interestingly, the
collapsed IDPs in Martini 3 still show a good overall correlation with
experimental data (Pearson correlation coefficient PCC =0.948), sug-
gesting that the shortcoming is not sequence-dependent but rather
originates from a more generic feature of the Martini 3 IDP model.
Together with the notion that Martini 3 is considered less sticky, with
keyprotein-protein interactions beingon theweak side rather than too
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Fig. 1 | IDP optimization in Martini 3.Mean Rg calculated from simulations
plotted against experimental Rg for A standard Martini 3 (MAE= 1.058 nm, PCC =
0.948) and B Martini3-IDP (MAE=0.387 nm, PCC=0.803). Rg data are presented
as mean values ± statistical error estimates, error bars of experimental Rg values
were determined by a fitting error from the Guinier fit and error bars of simulations
represent the standard deviation of 5 blocks from blocking analysis. C Comparison
of bonded distributions involving protein backbone (BB) and first side chain (SC1)
beads between Martini3, Martini3-IDP and CHARMM36m. KL divergence between

bonded distributions are provided in Supplementary Table 10. The distributions of
CHARMM36m were obtained by mapping the AA trajectory to Martini resolution.
Due to thedifferent natureofGly residue, BB-BB-BB-SC1 andSC1-BB-BB-BBdihedral
angles involving Gly were excluded and are provided separately in Supplementary
Fig. 4. BB represents the BB–BB bond length; BBB, BBS and SBB represent the BB-
BB-BB, BB-BB-SC1 and SC1-BB-BB angles; BBBB, SBBS,SBBB and BBBS represent the
BB-BB-BB-BB, SC1-BB-BB-SC1, SC1-BB-BB-BB and BB-BB-BB-SC1 dihedral angle,
respectively.
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strong20–22, increasing the effective hydration via globally increasing
protein-water or decreasing protein-protein interactions may not
provide a generic and transferable solution for all cases. Modifying
bonded interactions, one popular approach in atomistic IDP model
development, presents an unexplored alternative in Martini CG mod-
els that could address these challenges. This prompted us to look into
the bonded interactions, which affect the local accessible configura-
tions and in principle can also have a large impact on the global
dimensions of IDPs. A similar strategy was recently applied to improve
the conformational ensembles of IDPsmodeledwith theone-bead-per-
residue Mpipi force field25.

To assess to what extent local configurations are realistically
sampled, we performed additional reference AA simulations based on
the CHARMM36m force field for a set of 4 IDPs (RS-peptide, FG-pep-
tide, HEWL19, and polyQ30, details in Supplementary Table 6). The
resulting 5 μs trajectories were augmented by a set of overall 1.4 μs
atomistic trajectories for 12 additional IDPs from a recent work17.
Together, these 16 IDP atomistic trajectories were mapped to Martini
resolution to examine the effective angle and dihedral distributions.
Comparing the results revealed a considerable discrepancy between
Martini 3 andCHARMM36mdistributions, especially those concerning
the backbone dihedral and side chain orientation (Fig. 1C). This finding
is not surprising, as in Martini, no dihedral potential is defined for coil
secondary structure regions due to its broad distribution. For other
secondary structure elements, backbone dihedrals are included in the
model, while no dihedral between backbone-side chains are defined
for any of the secondary structure elements. Side chain orientation in
the Martini 3 protein models can be improved by the use of -scFix flag
in Martinize228, but these are dependent on an atomistic reference
structure and are not suitable for IDPs. Presumably, the lack of dihe-
drals and the consequential deviations in bonded parameter dis-
tributions could undermine the global IDP conformational sampling,
as themodel could reach conformations geometrically impossible. For
example, one may expect that unrestricted sampling of side chain
orientations would facilitate neighboring side chains approaching
each other to obtain a more favorable interaction energy, causing
protein chain collapse as a consequence.

Bonded parameter fitting expands IDP conformations
Due to the broad distribution of bonded parameters in coil secondary
structures or IDPs, previous Martini versions did not define specific
angle and dihedral potentials for these regions. This simplification was
made for convenience, as similar approaches have been applied to
other flexible components inMartini, such as lipid tails, which also lack
dihedral definitions. While this approach simplifies the model and
improves numerical stability, it results in a less accurate representation
of the energy landscape. As shown in Fig. 1C, distributions extracted
from atomistic trajectories of a wide variety of IDPs reveal a more
detailed and complex energy landscape. This suggests that developing
improvedbondedparameters for disordered proteins, basedonfitting
to these atomistic configurations, could enhance the accuracy of
the model.

To start, the BB-BB-BB-BB dihedral along the backbone beads
(BBs) shows a dominant distribution peak around -120° and a local
peak around 60° reflecting the presence of transient helical motifs in
the IDP conformational ensemble. This contrasts heavily with the
relatively smooth and uniform distribution obtainedwithMartini 3. To
obtain more insight into the residue specificity of these distributions,
we considered dihedrals with Gly and Pro separately, being two unique
amino acids in protein secondary structure formation and treated
differently from the other 18 amino acids in the CHARMM36m grid-
based energy correction map parameterization29. The four-residue
length subsequences with different Gly or Pro content were extracted
from the whole database (Supplementary Fig. 1), revealing that the
subsequenceswith different Procontent showed similar overall BB-BB-

BB-BB distribution characteristics as the full set, however, the dis-
tribution peak of subsequences with different Gly content shifted
significantly with Gly content increasing. Clearly, subsequences with 3
Gly showed a distinctly different distribution compared with the
overall BB-BB-BB-BB backbone dihedral (GGGG subsequence was
rarely sampled in the database and so not considered). To better
understand the behavior of these high-Gly-content subsequences,
several GGGXGGG peptides (X: A, Q, P, Y, R, D) as well as a Gly10 toy
peptide were designed. AA simulations of these model peptides
revealed that the nature of the inserted residue did not affect the BB-
BB-BB-BBdihedral distributionmuch. In contrast, the residue insertion
position played an important role (Supplementary Fig. 2). Based on
this finding, we classified Gly-rich sequences into three position pat-
terns: GGGX/XGGG,GGXGandGXGG. Besides, theGGGGsubsequence
extracted from the Gly10 peptide was found to have a similar dis-
tribution as GGGX/XGGG (Supplementary Fig. 3A), thus was merged
into this pattern class.

In summary, the atomistic trajectory mapping suggests that
disordered proteins exhibit a relatively general BB-BB-BB-BB back-
bone dihedral distribution with a well-defined maximum at
approximately −120°. These are not at all captured by Martini3. In
addition, we identified some high-Gly-content subsequence patterns
(making up ~3% protein sequence in our AA resolution data) featur-
ing distinct BB-BB-BB-BB backbone dihedral distributions, which is in
line with the unique role of the GGGmotif in IDP backbone dynamics
reported recently30. In principle, other residue patterns with varying
secondary structure formation propensity could exist, and explicit
description of them could further improve backbone conformational
sampling, including local transient helicity prevalent in IDPs. How-
ever, it is impractical to consider all 204 combinations, even if
restricted to known IDP-like sequences. As such, only the three
specific high-Gly-content subsequence patterns were explicitly taken
into account to refine our model.

To improve the dihedral conformations accessible with Martini,
we incorporate both a generic BB-BB-BB-BB dihedral potential and a
Glycine-specific dihedral potential in Martini3-IDP, using the Gromacs
type 9 dihedral function that merges multiple proper dihedral func-
tions to match complicated distributions. To compare to the AA
results, we simulated a larger benchmark set incorporating 22 IDPs
(Supplementary Table 2). With these additional potentials, Martini3-
IDP markedly improves the backbone torsional behavior, as can be
seen from the dihedral distributions being more accurately repro-
duced when compared to the reference simulations (Fig. 1C).

In parallel, the backbone BB-BB bond length and BB-BB-BB angle
were slightly shifted from 0.35 nm and 127° to 0.36 nm and 137°,
respectively, to better capture these distributions (Fig. 1C). Bond
lengths involving Pro residues were also improved, and made depen-
dent on the flanking residue to account for the mapping effect: 0.321,
0.305, and 0.360nm for PP, PX, and XP backbone BB-BB bonds,
respectively (Supplementary Fig. 3B).

Next, we examined side chain orientation. As side-chain (SC)
orientation was previously noted as important28, we observed that
neighboring side chains in disordered proteins tend to adopt relatively
stable orientations, with the SC1-BB-BB-SC1 dihedral distribution (SC1
being the side chain bead directly attached to the BB in the Martini
model) showing a major peak around -120° corresponding to a pre-
ference for a near antiparallel orientation (Fig. 1C). While this SC1-BB-
BB-SC1 dihedral distribution could be captured by adding a dihedral
potential (similar to what is done for folded Martini proteins using the
-scFix option28), the coupling of this dihedral with other backbone
dihedrals requires a comprehensive approach that considers all rele-
vant dihedrals together.

The distribution of the BB-BB(-1)-BB(+1)-SC1 dihedral, (BB(+1) and
BB(−1) beads denoting the following and preceding backbone beads,
respectively), is also too broad in Martini 3 compared to the sharp
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orientation observed in reference AA trajectories. Although BB beads
and Cα atoms are not exactly the same in CG and AA models, their
positions are close enough for this dihedral to obey a similar tetra-
hedral configuration of sp3-hybrid carbon atoms observed in the IDP
backbones (Fig. 1C, Supplementary Fig. 5C). Thus a residue-dependent
BB-BB(-1)-BB(+1)-SC1 improper dihedral (Gromacs type 2 harmonic
dihedral function) was introduced inMartini to capture this side chain
orientation feature (Supplementary Fig. 5A). This intrinsic BB-BB(-1)-
BB(+1)-SC1 improper dihedral also restrained neighboring SC1-BB-BB-
SC1 dihedral configurations through coupling. Taking the IDP Sic1 as
an example, the SC1-BB-BB-SC1 distribution characteristics were
already captured without the need for an explicit definition of the SC1-
BB-BB-SC1 dihedral (Supplementary Fig. 5B). Thus, in the current work,
only a weak SC1-BB-BB-SC1 potential was added on the basis of the BB-
BB(-1)-BB(+1)-SC1 improper dihedral definition to further enhance the
antiparallel orientationof neighboring side chains (Fig. 1C). In the same
way, the BB-BB-BB-SC1 and SC1-BB-BB-BB dihedrals were improved
due to the existing coupling with other dihedrals. As shown in Fig. 1C,
SC1-BB-BB(Gly)-BB, SC1-BB-BB(noGly)-BB and BB-BB(noGly)-BB-SC1
were all mostly well-captured without explicit definition, except for a
weak BB-BB(Gly)-BB-SC1 dihedral potential added to slightly optimize
the fitting. Finally, BB-BB-SC1 and SC1-BB-BB angle potentials were
optimized in a residue-dependent manner (Fig. 1C, Supplemen-
tary Fig. 6).

Overall, the improved bonded parameters on the basis of stan-
dard Martini 3 highly improved IDP conformational sampling in Mar-
tini, as evidenced by the improvedmatch of the distributions between
Martini and CHARMM36m (Fig. 1C and Supplementary Table 10).
Importantly, the new bonded parameters also led to a significant
expansion of the IDP conformations. In a large dataset containing 22
widely-used IDPs (Supplementary Table 2), one of themost diverse IDP
datasets in recent IDPmodel development asweknow, it could predict
theRgwithin aMAEof0.387 nmanda Pearson’s correlation coefficient
of 0.803, comparable to recently developed IDP-specific one-residue-
per-bead CG models (Fig. 1B)25–27.

Moreover, since the experimental Rg is an ensemble-averaged
value with a grade of ambiguity, we aimed for a more direct compar-
ison of the conformational ensembles betweenourproposedMartini3-
IDP andhigher resolutionmodels, whichare available for a few isolated
IDPs simulated for tens ofμswith the Amber99SB-disp/CHARMM36m/
a03ws atomistic force field31 (see Methods). Principal component
analysis (PCA) was used to project the conformational ensembles from
different force fields into the same 2D coordinates (Supplementary
Fig. 7). It is noted that some atomistic ensembles are slightly compact
when comparedwith experimental Rgdata (for instance, RgofACTR in
the Amber99SB-disp ensemble is 2.13 nm, smaller than 2.58nm
derived from SAXS data), while the ensembles from our Martini3-IDP
simulation are more expanded in these three systems, which could
amplify the conformational discrepancy between them. In spite of this
discrepancy, our analysis confirmed that standard Martini 3 only
sampled a limited conformational space compared with both the
atomistic ensemble and the experimentally derived NMR ensemble
from the PED dataset, consistent with the IDP collapse observed in
Martini 3 before. Although somewhat inconclusive due to sampling
limitations at the AA level, these data provide further evidence that the
bonded parameter development strategy underlying Martini3-IDP is
able to generatemore realistic IDP conformationswhile recovering IDP
expansion.

Multidomain proteins with the Martini3-IDP force field
Multidomain proteins (MDPs), consisting of both IDRs and folded
domains, make up a large portion (around 50%) of the proteomes in
eukaryotic cells32. MDPs are particularly versatile in their response to
the environment: on the one hand, enabling multivalent, malleable
molecular recognition similarly to IDPs, on the other hand, allowing

specific interactions through the folded domains. Moreover, the IDRs
and folded domains are not behaving isolated from each other.
Folded domains could affect the dynamics of disordered tails by
steric effects or surface chemical makeup33,34; IDRs could also influ-
ence the function or even conformation of folded domains, either by
fuzzy interactions or by exerting an entropic force35–39. For example,
the folded domain in the RNA-binding protein hnRNPA1 could attract
its IDR tail through surface charged patches and affect the con-
formation of the IDR tail25. Likewise, an entropic-driven force from
IDR loop dynamics was shown to inhibit the dimerization of two
tethered folded domains35,38. Moreover, IDRs could even engage in
attractive interactions with its adjacent domains as competitive
inhibitors or supply additional attractive interactions with partner
proteins for enhanced molecular recognition36,37,39.

As a general estimation for MDPs internal interplay and global
dimensions, the radius of gyration of 9 diverse MDPs were measured
by Martini3-IDP (see Methods section and Supplementary Table 3).
To this end, theMDPs were simulated for 20-30 μs, using a setupwith
a single protein in aqueous solution, matching ionic strength and
protein concentration to the experimental SAXS reference data15,39–43.
Simulation convergence was assessed using blocking analysis of the
Rg (Supplementary Figs. 15,18). As shown in Fig. 2A, the overall Rg
measurements in Martini3-IDP agree well with the experimental
values, suggesting that the balance between folded-folded, folded-
IDR and IDR-IDR interactions is adequately described with the
improved model.

A number of more specific interplay mechanisms between IDRs
and folded domains were also validated (seeMethods). As indicated in
Fig. 2B, we could reproduce the trends in the salt-dependent IDR tail
release of theMDP hnRNPA1. These data were obtained by performing
a 15 μs simulation of the hnRNPA1 protein in aqueous solution at
varying salt concentration. With salt concentration increasing, the Rg
of hnRNPA1 increased (Fig. 2B), whereas the contact density between
the folded domain and the tail decreased (Supplementary Fig. 8),
consistent with the electrostatic attraction mode reported in the
experiment24.

Furthermore, we tested to what extent non-specific entropic
forces of IDRs could be captured with Martini3-IDP. As mentioned
above, disordered proteins in the standard Martini 3 force field
suffered from conformation collapse, and their conformational
entropy was limited. The expanded disordered protein conforma-
tions in Martini3-IDP should, in principle, be able to describe these
entropic effects better. We focus on the consensus-designed alpha-
helix tetratricopeptide repeats (CTPRs), which are able to form
stable dimers with their dimerization strength tuned by insertion of
disordered loops between adjacent repeats26. In the current study,
proteins consisting of two CTPRs separated either by a short linker
(CTPR2a) or a 55 residue long loop (CTPR2-Loop10) were con-
sidered. According to chemical-induced equilibrium denaturation
measurements26, the addition of Loop10 decreases protein dimer
stability by ~6.86 kJ/mol. Based on brute force MD simulations of
both these constructs, the dimerization state fraction of the two
repeat units was used to calculate the dissociation constant KD (see
Eq. 1 in Methods). In line with the experimental evidence, we found
that the dimerization of CTPR2 was destabilized after Loop 10
insertion (KD increasing from 0.30 ± 0.03mM to 2.25 ± 0.59mM at
303 K, for example, see Supplementary Table 8). This ~7.4 fold dis-
sociation increase equals 5.0 kJ/mol dimerization stability reduc-
tion, reasonably close to the experimental stability loss of ~6.86 kJ/
mol. Our data suggest that, with the conformation expansion in
Martini3-IDP, the conformational entropy of IDR linkers can be
reproduced.

Beyond that, fuzzy bindings mediated by IDRs are ubiquitous
across molecular recognitions. For example, IDRs were thought to be
able to enhance partner contact by a so-called fly-casting
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mechanism44,45: two intrinsically disordered human proteins histone
H1 and its nuclear chaperoneprothymosin-α could associate in a fuzzy-
complex with picomolar affinity46. Similarly, the acid disordered tail of
the HMGB1 protein (alarmin High Mobility Group Box 1) was revealed
to change the protein complex conformation of HMGB1-CXCL12 (C-X-
C motif ligand 12) by fuzzy interactions with CXCL1230. To validate
Martini 3-IDP for these kinds of interactions, we simulated the protein
complex formed by CXCL12 and HMGB1 both with, and without, the
disordered tail domain. Based on extensive 15μs triplicate simulations,
we find that the acid tail enhances the association affinity (KD

74.7 ± 20.6μM and 200.1 ± 83.2μM for full length and tailless HMGB1,
shown in Supplementary Table 8), in qualitative agreement with the
experimentally determined dissociation constants based on micro-
scale thermophoresis measurements (KD 31.8μM and 81.4μM for full
length and tailless HMGB1, respectively30). Moreover, Martini3-IDP
simulations also captured the complex state change driven by the
HMGB1 acid tail. Based on NMR data30, in the presence of the acid tail
HMGB1 would weakly associate with CXCL12 by promiscuous inter-
actions across the whole HMGB1 protein sequence. In contrast, in the
absence of the tail, the complex was found relatively stable with pre-
ferred binding on the HMGB1 boxA domain (residue 10-90). In the

Martini3-IDP simulation of this hetero-complex, binding at the boxA
domain was indeed reduced in the presence of the acid tail compared
to the binding mode of tailless HMGB1 (Fig. 2C), in line with the
NMR data.

Taken together, the tests in this section demonstrate that
Martini3-IDP could take advantage of the already validated Martini 3
folded protein model and capture the diverse, specific and unspecific,
interplays between IDRs and folded domains, providing an opportu-
nity for efficient simulation of MDPs at near-atomic resolution.

Probing IDP-ligand binding with Martini3-IDP model
Multivalent and broad binding interfaces enable IDPs to function as
hubs of cellular interactomes, which makes its dysregulation asso-
ciated with major diseases such as occurrence of cancers and neuro-
degenerative diseases47,48. Although tempting, IDPs are often viewed as
undruggable targets due to a lack of stable 3D conformations. Con-
ventional structure-based drug design methods are typically unsui-
table for targeting IDPs, as these rely on ligands well fitted in particular
binding pockets. Recently, ensemble docking has been used to cir-
cumvent this problem48,49. Instead of choosing a single conformation
as target, rather an ensemble of representative and well populated
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conformations are selected for molecular docking, enabling compu-
tational virtual screening of IDPs. Creating these ensembles and opti-
mizing hit molecules after first-round virtual screening, however, is a
computationally demanding task, making AA models less well suited.
The large chemical space covered and highly improved IDP con-
formational sampling in Martini3-IDP provide a CG level solution for
small molecule design with much cheaper resource cost and poten-
tially reasonable accuracy judged from successful Martini-based drug
binding assays considering folded proteins48,50–53. To test the validity of
Martini3-IDP in thisfield, three typical IDP-ligand binding systemswere
chosen for validation in this study49,54,55.

First, we considered ligand binding to alpha-synuclein (Asyn). For
reference, making use of the special-purpose simulation machine
Anton, a near-ms timescale AA simulation for Asyn-ligand binding is
available. In this long-time scale AA simulation, the binding mode and
affinity difference among several analog candidates was captured54.
Three extensively tested ligands (Fasudil, ligand47 and ligand 23)were
also testedwithMartini3-IDP. Based on triplicate 50 μs simulations, we
observe frequent binding/unbinding events (‘dynamic shuttling’), with
overall binding affinities in the mM range in near quantitative agree-
ment with the results from the AA simulations (Supplementary
Table 9). In particular, we predict the same order of binding strength,
with ligand 47 being the strongest binder, and ligand 23 the weakest.

Moreover, as shown in Fig. 3A, Fasudil and ligand 47 have a binding
preference to the C-terminal region, while the binding preference of
analog ligand 23 shifts to the N-terminal region, in line with the AA
simulations as well as with NMR data54.

As a second showcase, we consider the interaction between the
transactivation domain (TAD) of p53 and its inhibitor ligand 1050. The
p53 TAD binds several negative regulators that suppress its ability to
activate transcription. Ligand 1050 from the SPECS library was dis-
coveredbyhierarchical ensembledocking andphenotype screening to
restore wild-type p53 function in cancer cells49. NMR chemical shift
perturbations data and AA simulation showed that ligand 1050 pre-
dominantly binds to a region around a specific tryptophan (W23)49.
Based on 30 μs simulations, we could replicate this behavior, as shown
in Fig. 3B. The ligand binding also reduced the radius of gyration ofp53
TAD (Supplementary Fig. 9), consistent with the observation in AA
simulations49. However, the absolute binding affinitywas notpredicted
very accurately in this case. Compared with the binding strength
8.9μM measured by surface plasmon resonance (SPR) assays, the
predictionbyMartini3-IDPwas around20-foldweaker (Supplementary
Table 9). Given the importance of W23 and several hydrophobic resi-
dues in stabilizing the binding mode, this result might point to the
need for a potential improvement of the tryptophan and other apolar
side chain models in Martini 3.
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Thirdly, we studied the binding between the Androgen receptor
(AR) N-terminal transactivation domain (NTD) with the inhibitor EPI-
002. This inhibitor has been pushed to clinical trials, and is one of the
first examples of an IDP-binding small molecule to be tested in
humans55. To validateMartini3-IDP for this system,weperformed20μs
simulations of AR-NTDwith EPI-002. Reassuringly, the EPI-002 binding
affinity was predicted in semi-quantitative agreement with the
experimentalmeasurements, suggesting a binding strength in themM
range (Supplementary Table 9). As for the Asyn system, dynamic
shuttling of the ligandwasobserved, consistentwith the behavior seen
in AA simulations, including the preference for interacting with aro-
matic residues in the R2 and R3 regions (Fig. 3C).

Together, the tests presented in this section show the potential of
Martini3-IDP in investigating the interaction between IDPs and small
molecule ligands. We demonstrated the ability to obtain ligand absolute
binding affinities and relative binding strength predictions with (in some
cases) quantitative accuracy, possibly enabling candidate library
screening and SAR analysis. In addition, the bindingmode could also be
captured well by Martini3-IDP, though resolving high resolution IDP-
ligand complex conformation is still limited due to the lack of transient
secondary structure description in the current Martini force field.

Martini3-IDP maintains IDP-lipid membrane binding
Tomake sureour developedMartini3-IDPmodelwouldnot undermine
the correct interaction profile with other classes of biomolecules in
Martini, next, we verified the binding between IDPs and lipid mem-
branes. Validating IDP-membrane binding is important for several
reasons. First, from a biological perspective, it plays a key role in cell
signaling and anchoring functions of IDP56,57. Second, a key application
area ofMartini involves protein-membrane interactions that have been
well characterized for Martini13,58,59. And third, some recent temporary
solutions for Martini 3 IDP conformational expansion are expected to
affect the interaction profiles with other biomolecules. For instance,
the protein-water rescaling strategy resulted in weaker interactions of
IDPs with lipid membranes due to hydration competition15.

For validation purposes, we selected two IDPs which are known to
interact with membranes, CTM (C-terminal motif of Complexin) and
TRPV4 (Transient receptor potential cation channel subfamily vanil-
loid member 4). Both CTM and TRPV4 have been extensively

characterized by previous Martini simulations as well as experimen-
tally, but their appropriate binding propensity could not be captured
with the protein-water rescaling strategy18,59. Here, we performed tri-
plicate simulations of 3 and 5μs for CTM and TRPV4, respectively,
interacting with different lipid bilayers (POPC:POPS = 7:3 and POPC:-
DOPS:PIP2 = 7:2:1 forCTMandTRPV4, respectively) following the same
settings as in previouswork (seeMethods)15. As shown in Fig. 4, despite
the expected IDP conformational expansion inMartini3-IDP compared
to standard Martini 3 (bringing Martini3-IDP in principle closer to the
experimental data for TRPV4, but slightly over-expanded for CTM)
under solution conditions59, their interaction propensity with the lipid
membrane remained intact. This is also evident from the time evolu-
tion of the minimal distance between any beads of the IDPs and lipid
membrane, indicating strong binding (Supplementary Fig. 10) in line
with recently reported results using the same simulation settings15.

Based on this data, we conclude that the improvement of bonded
parameters does not jeopardize the membrane affinity of known
membrane-binding IDPs such as CTM and TRPV4. While the improved
IDP conformational behavior in water is promising, further studies are
necessary to validate whether conformational ensembles are accu-
rately captured in membrane environments. More studies will be
crucial to confirm Martini3-IDP’s capability to correctly capture
membrane binding modes across a wide range of systems, thereby
enabling more accurate investigations of cell signaling processes
involving IDPs or disordered protein regions in general.

LLPS in the Martini3-IDP model
Recently, formation of biomolecular condensates has attracted
increasing interest, being implicated in a wide range of cellular func-
tions, including local organization, gene expression regulation and
misfolding protection. Biomolecular condensates can form via liquid-
liquid phase separation (LLPS), mainly attributed to the presence of
disordered and low-complexity domains (LCD) of proteins60–64.Martini
3 has already been successfully used to model a variety of
condensates65–68. However,Martini 3 has a tendency toward too strong
phase separation, underestimating the hydration level of the con-
densates which sometimes leads to formation of solid-like aggregates
rather than coexisting liquid phases. To alleviate this problem, in
recent work on LLPS simulations of a LCD protein such as TDP43, the
protein-water rescaling strategy was adopted68,69. We hypothesize the
underlying problem is a direct consequence of the too compact IDP
conformations in Martini 3: compact conformations reduce the con-
formation entropy loss in phase demixing and make the phase
separation more thermodynamically favorable70. To verify this
hypothesis, a large diversity of LLPS systems were tested with the
Martini3-IDP force field including homotypic, heterotypic, multiphase
and MDP-containing systems.

Based on the final snapshots obtained after 16-32μs simulations
(Fig. 5A, Supplementary Table 5), the typical homotypic LLPS systems
LCD of RNA binding proteins hnRNPA1 (A1LCD), protein Fused in
Sarcoma (FUSLCD), GY23 peptide, mussel foot protein mfp-3S, and
TIA1LCD, all showed stable phase separation. The corresponding time-
dependent density profiles (Supplementary Fig. 11) confirm the stabi-
lity of the bi-phasic nature of these systems. From the average density
profiles (Fig. 5A), we can estimate the protein and water concentration
in thedenseanddilute phases. Thedensephaseproteinconcentration,
around 500–700mg/ml, is close to the experimentalmeasurements of
typical protein condensates. For instance, the dense phase density of
FUSLCD is ~550mg/ml, only slightly denser than 477mg/ml protein
concentration measured by NMR71. The dilute phase concentration,
however, could only be measured for the short model peptide GY23
and was found to be ~14mg/ml (~6mM), around 10-fold higher than
the experimental results showing that phase separation occurs at
0.5mM or higher72. For comparison (Supplementary Fig. 12), the IDPs
withmorecompact conformation in standardMartini 3 indeed showed
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relatively stronger LLPS propensity and denser condensates, deviating
from the experimental water content more. Finally, to prove that the
dense phase is a liquid and not a solid aggregate, we characterized the
dynamics of these systems through calculation of the mean square
displacement (MSD) of protein and water inside the bulk and con-
densate regions (Supplementary Table 7 and Supplementary Fig. 13).
This data reveals protein diffusion coefficients of the order of 10-11m2s-1

to 10-10m2s-1 inside the condensates, corresponding to liquid-like
dynamics and close to the values reported in previous research65,71.
Besides, the slowdown of water dynamics from bulk water to con-
densate phase is well captured.

Heterotypic condensate formation by two highly and oppositely
charged disordered proteins, Histone H1 and its nuclear chaperone
Prothymosin-a (ProA) was also investigated. Note that H1 is a multi-
domain protein and the full-length protein was simulated. Based on a
24μs simulation, coexisting liquid phases with dynamic protein

monomer exchange could be observed (Fig. 5A). The resulting dilute/
dense phase protein concentration of ~1.8/280mg/ml is quantitatively
consistent with the experimental observations in >150mM salt con-
dition (~1 and 220mg/ml protein concentration)73, although it should
be noted that we used a higher salt concentration (600mM) to allow
sufficient screening given the relatively high protein concentration
used in the simulations.

In realistic cellular environments,multiple discretemembraneless
organelles are present in which multiple components coexist. The
wide interactome of IDPs mediated by multivalent interactions poses
challenges for the simulation of multi-component condensates,
requiring high-quality description of both homotypic and heterotypic
interactions. To test whether or not Martini3-IDP is up for this chal-
lenge, we consider mixtures of the N-terminal intrinsically disordered
region of ATP-dependent RNA helicase LAF-1 (LAF1 RGG) with either
Asyn or FUSLCD, which were reported to be immiscible74. As visible
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from the snapshots at the end of a 10μs simulation (Fig. 5B), both
systems form a heterogeneous condensate. However, the internal
organization of the condensate droplets differs between these two
systems. In case of LAF1-Asyn, LAF1 proteins occupy the interior of the
condensate with Asyn proteins being adsorbed and enriched on the
surface. On the contrary, in the LAF1-FUSLCD mixture, the FUSLCD
becomes the dominant nucleus component whereas LAF1 forms a
condensate on the surface, althoughpartialmiscibilitywasobserved as
is also evident from the radial density distribution profiles (Fig. 5B).
This behavior is consistent with previous simulations based on a one-
bead per residue model, and is also observed in in vivo fluorescence
experiments74. The ability to segregate different components into
discrete phases inside the condensates providesmore evidence for the
well-balanced protein interactions in Martini3-IDP, and paves the way
for future realistic simulations ofmembraneless organelles in a cellular
environment.

Discussion
Too compact disordered protein conformations observed inMartini 3,
one of the most widely used biomolecular CG force fields, limits its
applications. Some recent work proposed to rescale protein-water or
protein-protein interactions in Martini 3 to expand protein
conformations12,14,18, following trends in atomistic simulation19,23.
However, this solution is not transferable for a number of reasons.
Firstly, there are no clear signs that Martini 3 protein interactions are
generally too strong to cause conformation collapse, and actuallymost
recently tests claimedMartini 3 proteins are less sticky after alleviating
the over-aggregation problem in Martini 220–22. Secondly, even if pro-
tein interaction propensity is too strong, the uniform and prefixed
rescaling factor would not be optimal for all sequences. Some realistic
local contacts may be disturbed while some collapse still exists under
the uniform rescaling factor. Finally, it may disturb the intermolecular
interactions with other biomolecules. For example, protein-water
rescaling has already been shown to undermine IDP-lipid membrane
binding due to the preference of IDPs to reside in the aqueous solu-
tion; and rescaling protein-protein interactions by a factor of 0.88
results in a complete loss of transmembrane protein self-association18

and LLPS of the FUSLCD (Supplementary Fig. 20).
In this study, by comparing conformational distributions sampled

with Martini 3 to those obtained with an AA force field, we found that
there was a huge discrepancy between the preferred Martini 3 and
atomistic configurations. This prompted us to optimize the bonded
parameter definition for Martini IDPs, resulting in the Martini3-IDP
model. Themajor optimizations of bonded terms are summarized here:
1. The equilibrium BB-BB bond length and BB-BB-BB angle were

slightly adjusted to betterfit the atomistic reference distributions.
In addition, Pro specific bond lengths were redefined due to the
unique mapping of Proline in Martini protein models.

2. A generic BB-BB-BB-BB backbone dihedral was defined to replace
the totally free sampling in Martini, using a combination of
multiple proper dihedrals (Gromacs type 9 proper dihedral
function), in line with recent observations of our group17 that
disordered protein backbones have preferred orientations rather
than being random-like.

3. BB-BB(−1)-BB(+1)-SC1 improper dihedrals, deduced from the ato-
mistic reference configurations, were introduced to bias the side
chain orientation relative to the connected backbone beads using
a Gromacs type 2 harmonic improper dihedral function.

4. Auxiliary, weak SC1-BB-BB-SC1 dihedrals were defined for optimized
fitting to the atomistic reference data, with specific consideration of
Gly-containing sequences (BB-BB(Gly)-BB-SC1 dihedral potential),
using Gromacs type 9 proper dihedral functions.

5. BB-BB-SC1 and SC1-BB-BB equilibrium angles were optimized by
residue-specific fitting of the reference distributions.

Of note, the newly introduced BB-BB(-1)-BB(+1)-SC1 improper
dihedral reflects the atomistic Ca sp3-hybrid tetrahedral configuration
and is therefore a protein intrinsic feature. Inclusion of this term could
help Martini to generate better configurations by coupling to the
existing parameters. For instance, the neighboring side chain orien-
tation, SC1-BB-BB-SC1 and broader SC1-BB-BB-BB/BB-BB-BB-SC1 dihe-
dral distributions could be captured just by the coupling of the BB-
BB(−1)-BB(+1)-SC1 improper dihedral and BB-BB-BB-BB dihedral.
Moreover, the same concept could also be applied, in principle, to
generate the outward side chain orientation in helical motifs and anti-
parallel neighboring side chain orientation in sheet-like structures, via
coupling of the backbone BB-BB-BB-BB dihedral (~60°/180° for helix/
sheet) and local BB-BB(−1)-BB(+1)-SC1 improper dihedral. Therefore,
this improper dihedral not only played a role in the optimization of
disordered proteins in Martini 3, but could also be useful to improve
other secondary structure elements, helping to avoid the use of side
chain corrections which are dependent on a reference initial
configuration.

The Martini 3 disordered protein model, Martini3-IDP, featuring
these optimized bonded parameters, achieves a better compromise
between accurate conformational description and improved radius of
gyration, with quantitative accuracy compared to experimental SAXS
data over a wide range of IDPs. It reinforces the key role of the protein-
bonded parameter in disordered protein sampling. And compared
with otherMartini IDP adhoc solutions, thismodel was optimized only
based on fitting with atomistic resolution configurations, keeping the
level of transferability as high as possible. Hence, the advantage of
Martini3-IDP is not limited to IDP Rg prediction, but can be naturally
integrated with the wide chemical space covered by current Martini
models, thereby showing an advantage over other specifically trained
disordered protein CG force fields25–27. To validate it, a diverse range of
test systems was considered, including multidomain proteins, IDP-
ligand binding, IDP-lipid membrane binding and LLPS.

Like anymodel, Martini3-IDP also has some limitations: (1) Protein
secondary structure transition is still not allowed in the currentMartini
protein framework, so Martini3-IDP does not sample the transient
formation of helices or beta-sheets that are known to exist in certain
IDPs; (2) Although Martini3-IDP already highly reduces the simulation
costs compared to atomistic force fields as an alternative solution, the
large size system simulations with explicit solvent still demand sig-
nificant resources, such as the conformational ensemble sampling of
themultidomain TDP43proteinwithmore than400 residues length as
well as the LLPS systems, where Martini sampling benefits from cou-
pling toone-bead-per-residuemodels67; (3) ThisMartini3-IDP version is
built on top of the Martini 3 non-bonded parameters, whereas, pre-
liminary benchmark tests indicate that Martini 3 side chain-side chain
interactions leave room for improvement, and there is ongoing effort
to optimize these side chains; (4) Not all residue sequences were suf-
ficiently present in our reference database to consider all possible
residue specific effects. In particular proline-rich sequences could
benefit from further optimization of the bonded potentials.

Concluding, this study identified the lack of optimized bonded
parameters being the main reason for Martini 3 IDP conformational
collapse. The Martini3-IDP model captures the reference distributions
obtained with an AA force field well, resulting in much better general
agreement with the experimentally measured radii of gyration.
Martini3-IDP keeps the right balance in interactions of IDPs with other
biomolecules, enabling the Martini community to investigate a broad
range of cellular processes involving IDPs.

Methods
IDP simulation setup
A set containing nine diverse IDPs was used for first-stage evaluation of
standard Martini 3 performance of IDP conformations. A more
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comprehensive set containing 22 IDPs was used for evaluation of the
optimized Martini3-IDP model. IDP topology and initial structure were
generated by Polyply75 based on sequence fasta files. In Polyply gen-
eration, the default coil secondary structure was used for disordered
proteins. IDPs were inserted into a dodecahedron box with system-
dependent box size, avoiding periodic interference. Salt concentration
was set to match the conditions in SAXS experiments and kept charge
neutral. Details of the system setup of each IDP system are provided in
Supplementary Table 1,2. Radius of gyration was computed using gmx
gyrate. Each IDP was simulated between 10 and 25 μs, ensuring simula-
tion convergence (see Supplementary Fig. 14). Simulation convergence
and error estimation has been quantified by performing blocking ana-
lysis (gmx analyze -ee), see Supplementary Fig. 19. For some IDP systems
with multiple experimental Rg values reported, to avoid selection bias,
the mean value of these Rg values were used. Error bars on the experi-
mental Rg values were determined by a fitting error from the Guinier fit
plus a standard deviation over reported experimental values from the
literature. KL divergences between bonded parameters were computed
by Scipy, provided in Supplementary Table 10.

Multidomain protein simulation setup
Similar to the setup for IDPs, the IDRs identified in multidomain pro-
teins were generated by Polyply75, based on sequence fasta files. The
folded domains were coarse-grained to Martini by Martinize276 and
reference AA structures were taken from the RCSPDB database, pre-
dicted by Alphafold77 or modeled by Swiss-Model78,79. An intradomain
elastic network model was applied with Martinize2 to keep the folded
domain intact, using harmonic potentials of 700 kJmol−1 nm−2 between
backbone beads within 0.9 nm cutoff. Secondary structure was
assigned with DSSP80 in Martinize2. The -scFix flag was used to restrict
side chain orientation in the folded domain based on reference AA
structure26.

Topology files of IDRs and folded domains were merged together
by treating the linking regions as disordered. Generic sequence-
independent backbone bond length, BB-BB-BB angle, BB-BB-BB-BB
dihedral, SC1-BB-BB-SC1 dihedral and SC1-BB-BB/BB-BB-SC1 angle
from Martini3-IDP were defined for linking regions. In addition, the
terminal protonation state in each fragment was corrected manually
after merge. A simple script for topologymerge is provided on Github
(https://github.com/Martini-Force-Field-Initiative/Martini3-IDP-
parameters); Similarly, the Martini3-IDP force field was also imple-
mented inMartinize2 to easily generatemultidomainprotein topology
generation in one step, only providing initial AA structure and defining
the IDR region. The Martinize2 format force field file is also provided
on Github (https://github.com/Martini-Force-Field-Initiative/Martini3-
IDP-parameters). The full length multidomain initial structure at Mar-
tini resolution could be coarse grained by Martinize2, and the refer-
ence AA structure was predicted by Alphafold or generated by
merging the fragment structures together after a short simulation.

Each MDP was inserted into a dodecahedron box with system-
dependent box size, keeping protein concentration and salt con-
centration to match the conditions in SAXS experiments. Setting
details of MDP systems for Rg evaluation are listed in Supplementary
Table 3. Each MDP was simulated between 20 and 30 μs, ensuring
simulation convergence (see Supplementary Fig. 15). Simulation con-
vergence and Rg error estimation was quantified by performing
blocking analysis (gmx analyze -ee), shown in Supplementary Fig. 18.
Dissociation constant and error in the CTPR simulation was estimated
by blocking analysis in each of the parallel replicas with different
temperatures. Dissociation constant and error in the CXCL-HMGB1
complex simulation was estimated from statistics of three replicas.

IDP-small molecule ligand binding setup
Asyn, p53 TAD and ARNTD topology files were generated as described
above for individual IDPs. Small molecule parameterization is

described in more detail in the SI, final topologies are available on
Github and from the Martini Database (MAD)81. Asyn-ligand systems
were simulated in a cubic water box with 10.8 nm sides, ions were
added to a concentration of 25mM for Ligands 23 and 47, and to a
concentration of 50mM for Fasudil, consistent with the reference
work from D.E Shaw research54. p53 TAD and AR NTD ligand systems
were simulated in dodecahedron water boxes with 13.5 and 18 nm
sides, at 150 and 20mM salt concentration, respectively, consistent
with the reference work49,55. Production simulation of each systemwas
performed for 20-50 μs, sufficient to observe enough association-
dissociation events for obtaining accurate binding statistics. Full
details of the system setup are provided in Supplementary Table 4.

To analyze the IDP-ligand binding, the minimum distance and
contact number between different components were calculated by
gmx mindist. The sequence-specific binding frequency was calculated
using the MDAnalysis python package82,83. Bound states were defined
as configurations for which the minimum distance between any ligand
and residue bead was smaller than 0.6 nm. The contact profiles along
the trajectory are provided in Supplementary Figs. 16 and 17. The
binding affinity (dissociation constant KD) was calculated from84:

KD =
Pu

Pb
νNav

� ��1 ð1Þ

where Pu is the fraction of simulation time in which the protein and
ligand are unbound, Pb is the fraction of simulation time in which the
protein and ligand are bound, ν is the volume of the simulation box,
and Nav is Avogadro’s number. Error estimation was calculated from
blocking analysis.

IDP-lipid membrane binding simulation setup
Lipid bilayers in this section were generated by the Insane script85 with
20 × 20nm lateral dimension. The composition of the membrane,
POPC:POPS = 7:3 and POPC:DOPS:PIP2 = 7:2:1 for CTM and TRPV4,
respectively, was chosen to be consistent with the reference work15. To
simulate protein-membrane interactions, initial structures were gen-
erated with a minimum distance of 3 nm between any bead of protein
and any bead of the lipids, resulting in a Z-axis length of 13 and 23nm
forCTMandTRPv4, respectively. 150mMNaCl ionswere added. Three
replicate simulations of each systemwere performed for 3 (CTM) and 5
(TRPv4) μs, sufficient to observe membrane binding. Membrane
binding was quantified based on defining bound states when the
minimum distance between any beads of the protein and lipids was
smaller than or equal to 0.7 nm15. The topology generation for theCTM
and TRPv4 IDPs was the same as described above for IDP simulations
(setup details of CTM and TRPv4 monomers are also listed in Sup-
plementary Table 2).

A 2 μs reference CHARMM36m atomistic simulation of the CTM
system was performed for comparison of CTM conformational beha-
vior in the solution environment, as in Fig. 4B. Setupdetails of this CTM
system are given in Supplementary Table 6.

LLPS simulation setup
Direct-coexistence simulations for homotypic and heterotypic LLPS
were performed in a rectangular box86. The X/Y axis dimensions were
set to 8-14 nm, with the Z-dimension 50nm or more, as listed in Sup-
plementary Table 5. Based on finite-size analysis, 8 nm lateral dimen-
sion was enough to obtain robust coexisting phases for FUSLCD
modeled with the Mpipi force field20. Depending on the protein,
between 30–60 copies of the proteinswere included to keep the dense
phase thick enough and simulation tractable. The protein copies were
inserted into a relatively small slab region as initial configuration to
accelerate LLPS and simulation convergence. The simulation box was
then expanded to 50-80 nm along the Z axis. A salt concentration of
150/100mM was used according to experimental conditions (see
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Supplementary Table 5). For the ProA+H1 system, a higher salt con-
centration (600mM KCl) was used in this simulation to mimic the
experimental electrostatic screening considering the high charge
content in this system (+53 net charge on H1 and -44 net charge on
ProA) and relatively high protein concentration used in MD simula-
tions; previously it was shown that, in case of a pHis/pGlu complex
coacervate, an increase of 2 to 10 times the polymer concentration
promotes a shift of the transition point to 0.2–0.5M higher salt
concentration65,87. For all systems, between 16-32μs production simu-
lations were run, long enough to make sure the density profiles
remained unchanged when evaluated over successive time windows
(Supplementary Fig. 11).

Multiphase LLPS simulations were performed in a cubic box with
28 nm edges, for mixtures of 15 LAF1 RGG:15 FUSLCD and 15 LAF1
RGG:12 Asyn. To ensure formation of a droplet, the proteins were first
inserted randomly inside a slightly smaller box of 23 nm edge, then
expanded to 28 nm, and subsequently solvated. A relatively high
concentration of 300mM salt was added to increase the electrostatic
screening of the high charge content of these proteins. This was fol-
lowedby a 6μs production run to observe droplet formation and reach
a stable internal organization in the last 500ns. Setup details of all
LLPS systems can be found in Supplementary Table 5.

Mass density profiles (Supplementary Fig. 11) were determined
along the Z-axis with protein density centered by the gmx density tool.
Considering bead masses in Martini 3 are usually slightly larger than
actual atomgroupmasses, a rescaling factor (the ratio of proteinmolar
weight and beads molar weight in Martini) was used to correct the
mass density profile. If phase separation occurs, the protein con-
centration of the dilute and concentrated phases was obtained as the
average concentration in the corresponding region. Radial density
profiles were computed by calculating protein bead density in each
radial distance bin relative to the condensate center with bin width
equal to 0.2 nm, using python and the MDAnalysis package82,83.

Diffusion coefficients were calculated from the mean-squared-
displacement (MSD) by gmxmsd using the Einstein relationship. For the
MSD, protein or water beads residing in small volume elements well
inside the dilute or condensate phase were selected to avoid an influ-
ence of the interfacial region. We limited the fitting of the MSD to the
range of times 0 to 200ps, where there are no deviations from linearity.

General simulation protocol
In the CG simulations, following the standard protocol11, the Verlet
scheme was used with the default energy drift buffer. The Verlet
neighbor search algorithm is used to update the neighbor list every
20 stepswith a buffer toleranceof 0.005 kJmol−1ps−1. By default, nrexcl
= 1 setting is applied in Martini, implying 1-4 non-bonded interactions
are on. Potential shift was used to calculate van der Waals interactions
with 1.1 nm cutoff and Coulomb interactions were treated by a
reaction-field with dielectric constant 15 and 1.1 nm cutoff. Production
simulations were run with 20 fs step size, using velocity-rescaling
thermostat (temperature coupling constant 1 ps) and Parrinello-
Rahman barostat (pressure coupling constant 12 ps). For membrane
systems, semi-isotropic pressure coupling was implemented inde-
pendently in the XY plane and Z direction. In direct-coexistence LLPS
simulations, semi-isotropic pressure couplingwasused keeping theXY
plane uncompressed. Isotropic pressure coupling was used in all other
systems. All simulations were executed by Gromacs, versions 2021.5,
2021.7, and 2022.688.

AA level IDP simulation setup
Microsecond-scale CHARMM36m atomistic trajectories of 12 IDPs,
part of the recentMartini 3 benchmark, served as referencedata14,17. To
augment the AA reference set, four additional short IDPs (RS-peptide,
FG-peptide, HEWL19 and polyQ30) were simulated in this study for
1−1.5 μs, also using the CHARMM36m force field27. Individual proteins

were inserted in a dodecahedron box, solvated with 150mM NaCl
(except for polyQ30 for which no salt was added). The Verlet-scheme
was used with the default energy drift buffer. Cutoff for van der Waals
interactions was set to 1.2 nm with a 1.0−1.2 nm switch. The smooth
particle mesh Ewald (PME) was used for Coulomb interactions, with a
real-space cutoff of 1.2 nm. The CHARMM-modified TIP3Pwatermodel
was used as recommended27. AA resolution trajectories were mapped
toMartini resolution using fast-forward89. Setup details of the 4 AA IDP
systems are given in Supplementary Table 6.

Principal component analysis
PCA based on the pairwise distances between alpha-Carbons was used
to project conformational ensembles from different force fields.
Martini trajectories were back-mapped to AA structures using the
Backward algorithm90. For each protein, all ensembles were pooled
together for PCA in order to project onto the same twomain principal
components. PCA was performed with PyEMMA91. For a quantitative
estimation of the conformational space sampling in each force field,
the conformational probability distribution in 2D PCA space was dis-
cretized intobinswith abinwidthof 10, then the total Shannonentropy
was measured along all bins by Scipy92. The Amber99SB-disp force
field simulation of 3 IDPs were taken fromRobustelli et al. 31. The NMR-
derived ensembles were extracted from the PED dataset93,94.

Optimization strategy
Considering the multiple bonded terms in our model (high-dimen-
sional parameter space), complex couplings betweendifferent bonded
terms and the resource cost of Martini-resolution IDP simulation, no
quantitative objective function was used in our work to iteratively and
automatically optimize the parameters of bonded terms. Instead, the
bonded potentials were manually adjusted targeting two major
objectives, namely matching the bonded distributions from our
reference AA simulations and providing a better overall match to the
experimentally measured radii of gyration across the entire database.

Reporting summary
Further information on research design is available in the Nature
Portfolio Reporting Summary linked to this article.

Data availability
Force field files for Martini3-IDP and related data generated in this
paper have been deposited in Github repository under accession
https://github.com/Martini-Force-Field-Initiative/Martini3-IDP-
parameters and a backup of this repository is available via https://doi.
org/10.5281/zenodo.14968191. Structure data for most simulations
presented in thiswork havebeendeposited inZenodounder accession
https://zenodo.org/records/14608855. Source data are provided with
this paper.

Code availability
Scripts and code used in this paper have been deposited in Github
under accession https://github.com/Martini-Force-Field-Initiative/
Martini3-IDP-parameters and a backup of this repository is available
via https://doi.org/10.5281/zenodo.14968191.
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