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Details for Multiscale Simulations

We followed a multiscale simulation protocol to prepare equilibrated configurations for con-

densate simulations with atomistic force fields. Three condensate-forming proteins, including

HP1α, NPM1, and MED1, were studied. The simulation details at the three stages of the

multiscale protocol are detailed below.

MOFF simulations

MOFF is a transferable coarse-grained force field optimized for both ordered and disordered

proteins, utilizing the maximum entropy principle and ordered protein folding landscape.S1 It

represents each amino acid with one coarse-grained bead, with its position defined using the

α-carbon atom. Setting up MOFF simulations requires an initial structure for the protein

of interest, which we obtained using I-TASSERS2 or RaptorX.S3

The force field containing the following six components:

UMOFF = Ubond + Uangle + Udihedral + Umemory + Ucontact + Uelectrostatics. (S1)

1. The bonding potential, Ubond, consists of harmonic potentials for nearest neighbor

beads:

Ubond =
∑
i

1

2
kbond(ri − r0)

2, (S2)

where ri is the distance between i-th and (i + 1)-th bead. The equilibrium length

r0 = 0.38 nm, and force constant kbond = 1000 kJmol−1 nm−2.

2. The angular potential, Uangle, consists of harmonic potentials for angles between nearest

neighbor bonds:

Uangle =
∑
i

1

2
kangle(θi − θi,0)

2, (S3)

where θi is the i-th angle. The equilibrium angles, θi,0, are measured from the input
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atomistic structure and force constant kangle = 120 kJmol−1 rad−2.

3. The dihedral potential, Udihedral is defined as:

Udihedral =
∑
i

kdihedral[(1− cos(ϕi − ϕi,0)) + 0.5(1− cos(3(ϕi − ϕi,0)))] (S4)

where ϕi is the i-th dihedral. The equilibrium dihedrals, ϕi,0, are measured from the

input atomistic structure and force constant kdihedral = 3.0 kJmol−1 rad−2.

4. The memory potential, Umemory, also known as native pair potential, stabilizes the

secondary and tertiary structures found in the input atomistic configuration. It is

defined as:

Umemory =
∑

native pairs(i,j)

ϵ

[
5

(
rij,0
rij

)12

− 6

(
rij,0
rij

)10
]
. (S5)

Umemory is limited to native pairs identified using SMOG 2.S4 rij,0 is the distance be-

tween Cα atoms from residue i and j measured in the input structure. We used

STRIDE to identify secondary structure segments.S5 We employed different ϵ values

for the disordered and ordered regions of proteins: (1) For the disordered regions of

proteins, we included all native pairs within a single secondary structure segment, and

the parameter ϵ was set to 3 kJmol−1. (2) For the ordered regions of proteins, we

included all native pairs within a single ordered region, and the parameter ϵ was in-

creased to 6 kJmol−1. (3) Native pairs between a disordered region and an ordered

region were all excluded.

Umemory was set up for HP1α, MED1, and NPM1 according to the rules mentioned

above. HP1α monomer contains two ordered regions: the chromo domain (residues

17-72) and the chromoshadow domain (residues 115-176). The chromoshadow domain

enables dimerization.S6 S7 S8 To stabilize the dimer interface for HP1α, besides all the

native pairs founded in individual monomers, we also included native pairs between

the interface of two chromoshadow domains, with ϵ set to 6 kJmol−1. NPM1 contains
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two ordered regions: residues 9-122 (PDB ID: 2P1BS9) and residues 243-294 (PDB

ID: 2VXDS10). MED is considered as a pure disordered protein without any ordered

regions.

5. The contact potential, Ucontact, represents non-bonded interactions between pairs of

amino acids. It involves a repulsion term for excluded volume effect and a specific

term that measures the energetic cost of bringing a pair of amino acids into contact.

It is defined as:

Ucontact =
∑
i<j

{
|ϵIJ |σ12

IJ

r12ij
− ϵIJ

2
[1 + tanh(η(r0 − rij))]

}
, (S6)

where rij represents the distance between amino acid i and j. I and J are the amino

acid types of bead i and j. η = 7nm−1 and r0 = 0.8 nm. σIJ = (σI + σJ)/2 where σI

is the size of amino acid type I. Parameters σIJ are listed in Table S7 of Latham and

Zhang.S1 Parameters ϵIJ are listed in Table S8 of Latham and Zhang.S1 1-2, 1-3, 1-4

atom pairs, and native pairs are excluded from Ucontact.

6. Uelectrostatics represents electrostatic interactions between charged residues. It is defined

based on the Debye-Hückel theory as:

Uelectrostatics =
∑
i<j

qIqJ
4πϵ0rijϵ(rij)

exp(−rij/λD(rij)), (S7)

with

ϵ(rij) = A+
B

1 + κ exp(−ζBrij)
, (S8)

and

λD(rij) =

√
kBTϵ0ϵ(rij)

2NAce2
. (S9)

rij represents the distance between amino acid i and j. I and J are the amino acid types

of bead i and j. qI and qJ denote the charges of residue type I and type J whose values

S-6



are listed in Table S1 of Latham and Zhang.S1 ϵ0 is the vacuum permittivity. λD(rij) is

the Debye screening length. In equation S8, A = −8.5525, B = ϵwater −A, κ = 7.7839,

and ζ = 0.03627 nm−1. ϵwater = 78.4 is the relative permittivity constant of water. In

equation S9, the variables correspond to the Boltzmann constant kB, temperature T ,

the Avogadro constant NA, the monovalent salt concentration c, and the elementary

charge e, respectively. 1-2, 1-3, and 1-4 pairs are excluded from Uelectrostatics.

After setting up the force field from the input atomistic structure as described above,

we carried out MOFF simulations as follows. We first randomly placed protein molecules

in a cubic box with dimensions of 100 nm × 100 nm × 100 nm using the GROMACSS11,S12

insert-molecules tool. Each box was separately populated with 10 HP1α dimers, 14 NPM1

molecules, and 4 MED1 molecules, ensuring a protein density of approximately 130mg mL−1

once the box was compressed to 15 nm × 15 nm × 15 nm. The simulations began with en-

ergy minimization followed by a 0.1 µs long constant pressure, constant temperature (NPT)

simulation at 150 K and 1 bar, utilizing a timestep of 10 fs. A Parrinello-Rahman isotropic

barostat with a time coupling constant of 1 ps was employed during this simulation, re-

sulting in the compression of the simulation boxes. After the compression, the length of

simulation box was reduced to about 11 nm. We then adjusted its length to 15 nm man-

ually. Subsequently, energy minimization was performed again, followed by a 0.1 µs long

constant volume, constant temperature (NVT) simulation with a timestep of 10 fs. During

this NVT simulation, we implemented the GROMACS simulated annealing protocol to lin-

early raise the temperature from 150 K to 300 K, using a time coupling constant of 100 ps.

Finally, we conducted the NVT production simulation for 2µs with a timestep of 10 fs at

300 K, using a time coupling constant of 100 ps.

The MOFF simulations were performed using GROMACS 2018.S12 To prepare for the

force field setup, we utilized scripts from https://github.com/ZhangGroup-MITChemistry/

MOFF.S1 Recently, MOFF has been implemented in the Python library OpenABC,S13 pro-

viding a user-friendly and flexible approach for setting up MOFF and other coarse-grained
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models with MD simulation engine OpenMM.S14

MARTINI simulations

We constructed initial configurations for MARTINI simulations using the following protocol.

First, we utilized REMOS15 (REconstruct atomic MOdel from reduced representation) to

reconstruct atomistic structures from the α-carbon configurations of condensates obtained

from the final frames of MOFF simulations. We then converted the all-atom structure to

a MARTINI3S16 configuration using martinize2.S17 The resulting condensate was solvated

with MARTINI water and 0.15 M NaCl to achieve a box of 15 nm × 15 nm × 15 nm.

Additional ions were added to ensure charge neutrality.

To maintain protein secondary and tertiary structures during MARTINI simulations, we

introduced elastic potentials as harmonic bonds between coarse-grained beads in ordered re-

gions. These regions were identified based on secondary structure predictions from STRIDE.

For HP1α, elastic potentials were applied to pairs of CG beads within the chromoshadow

domains (residues 115-176) and chromo domains (residues 17-72). Additionally, elastic po-

tentials were introduced between two chromoshadow domains within an HP1α dimer to

stabilize the interface. For NPM1, we applied elastic potentials to residues 9-122 (PDB ID:

2P1B) and residues 243-294 (PDB ID: 2VXD). We enforced neutral termini for each protein

chain.

The system equilibration followed a three-step procedure. First, steepest descent energy

minimization was performed, followed by a 5 ns NVT simulation with a 10 fs timestep.

Temperature was maintained at 313.15 K using velocity-rescaling thermostats, with protein

and solvent coupled separately with a 1 ps time constant. Second, an NPT simulation was

conducted for 10 ns with a 20 fs timestep, maintaining the same thermostat scheme. Pressure

was controlled using a Berendsen barostat set to 1 bar, with a compressibility of 4.5 ×

10−5 bar−1 and a 5 ps time constant. Finally, a 600 ns NPT simulation was performed with

a 20 fs timestep. The temperature was maintained at 313.15 K with separate coupling for
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protein and solvent using velocity-rescaling thermostats with a 1 ps time constant. Pressure

control utilized a Parrinello-Rahman barostat with a 10 ps time constant, a compressibility

of 4.5× 10−5 bar−1, and a reference pressure of 1 bar.

All simulations were conducted using GROMACS 2022.S12 The double-precision version

of GROMACS was used for energy minimization to resolve atom clashes, while the mixed-

precision version was employed for other simulation aspects.

Atomistic simulations

We constructed atomic structures of the condensates using the configurations obtained from

the final frames of MARTINI simulations. The Backward toolS18 was used for structure

reconstruction. We solvated the atomistic structures with CHARMM-modified TIP3P wa-

terS19 and 150 mM NaCl to reach a box size of 15×15×15 nm3. Additional ions were added

to achieve charge neutrality.

From the reconstructed structures, we equilibrated the condensate configurations through

a three-step procedure. First, we performed steepest descent energy minimization, followed

by NVT simulations for 100 ps with a timestep of 1 fs. To maintain the temperature at

313.15 K, we used a Nose-Hoover thermostat, separately coupling the protein and solvent

with a time constant of 1.0 ps. During these steps, positional restraints were applied to

the protein to avoid large-scale conformational changes from releasing steric clashes. Force

constants of 400 kJ·mol−1·nm−2 and 40 kJ·mol−1·nm−2 were used for the backbone and side

chains, respectively. Second, we performed an NPT equilibration for 5 ns with a timestep

of 2 fs. The temperature was controlled as in the NVT simulations. For pressure control,

we employed a Parrinello-Rahman barostat with a compressibility of 4.5×10−5 bar−1, a

reference pressure of 1 bar, and a time constant of 5 ps. Finally, we carried out 500 ns NPT

simulations. The hydrogen mass repartitioning methodS20 and the LINCS algorithmS21 were

used to constrain all bonds, allowing for a larger timestep of 4 fs. Temperature and pressure

were controlled as in the second step.
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Upon equilibration, we randomly replaced water molecules with small molecules in the

condensate systems using the GROMACS insert-molecules tool. A total of 80 small

molecules were added to the simulation box to facilitate the exploration of the configura-

tional space. Then we performed an NPT simulation for 2µs. A velocity-rescaling thermostat

separately coupled the protein and solvent to 313.15 K with a time constant of 1.0 ps. Pres-

sure was controlled using a Parrinello-Rahman barostat with a compressibility of 4.5×10−5

bar−1, a reference pressure of 1 bar, and a coupling constant of 5 ps. Molecular configurations

were stored every 2 ns.

All simulations were performed using GROMACS 2022S12 with the CHARMM36m force

field.S22 The force fields for small molecules were parameterized using CGenFF.S23,S24 For

energy minimization, we utilized the double-precision version of GROMACS to resolve atomic

clashes. For all other simulations, we employed the mixed-precision version of GROMACS.

Sequences of proteins

The following human proteins or protein fragments were used:

• HP1α (UniProt ID: F7IG39)

Full length, amino acids 1-191.

• MED1 (UniProt ID: Q15648)

Amino acids 600-1581.

• NPM1 (UniProt ID: P06748)

Full length, amino acids 1-294.

SMILES representations of small-molecule drugs

• Mitoxantrone

C1=CC(=C2C(=C1NCCNCCO)C(=O)C3=C(C=CC(=C3C2=O)O)O)NCCNCCO
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• Daunorubicin

C[C@H]1[C@H]([C@H](C[C@@H](O1)O[C@H]2C[C@@](CC3=C2C(=C4C(=C3O)C

(=O)C5=C(C4=O)C(=CC=C5)OC)O)(C(=O)C)O)N)O

• Proflavine

C1=CC(=CC2=NC3=C(C=CC(=C3)N)C=C21)N

• Citcoline

C[N+](C)(C)CCOP(=O)([O-])OP(=O)(O)OC[C@@H]1[C@H]([C@H]([C@@H](O1)N

2C=CC(=NC2=O)N)O)O

Details for Interaction Fingerprints Analysis

Identification of condensate-drug interactions

For each condensate-drug system, we collected 500 snapshots uniformly spaced along the last

1 µs segment of the atomistic simulation trajectory. As mentioned in the simulation details

section, each system contains 80 small-molecule drugs, providing a total of 40,000 condensate-

drug configurations for analysis. For each configuration, we determined whether any of the

six interactions, including Hydrophobic, HBDonor, HBAcceptor, PiCation, PiStacking, and

VdWContact, were formed between proteins and the small-molecule drugs using the Python

library ProLIF.S25 Interactions were identified if two groups of atoms in small-molecule drugs

and proteins satisfy geometrical constraints based on distances and/or angles. Detailed

definitions of each interaction type are listed in Table 2 of Bouysset and Fiorucci S25 .

Construction of condensate-drug interaction fingerprints

We defined a binary vector as the interaction fingerprint for each ligand-binding pose. This

fingerprint records the types of interactions formed and identifies the set of amino acids in
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contact with the small molecule. Two types of interaction fingerprints were established based

on whether the residue index or residue type was recorded:

1. Index-based fingerprints: For the m-th condensate-drug configuration, we defined

a 6× L interaction matrix, Mindex,m, as follows:

Mindex,m =


nm,1,1 · · · nm,1,L

...
. . .

...

nm,6,1 · · · nm,6,L

 1 ≤ m ≤ M, 1 ≤ i ≤ 6, 1 ≤ l ≤ L. (S10)

Matrix element nm,i,l represents the number of the i-th type of interactions formed

between the small-molecule and the l-th residue in the m-th configuration. Here 6

corresponds to the number of interaction types considered in the study, L is the length

of the protein, and M is the total number of configurations. Notably, in condensate

systems, a small molecule may form the same type of interactions with residues of

the same index from different protein chains, resulting in matrix element nm,i,l being

greater than 1.

We reshaped the interaction matrix Mindex,m into a one-dimensional vector vm defined

as:

vm = (nm,1, · · · , nm,j, · · · , nm,6L) 1 ≤ j ≤ 6L. (S11)

Then we binarized the vector vm to obtain the final index-based fingerprint through

the following steps:

(1) For the j-th element nm,j, we determined the maximum value, Nj, across all the

vectors {vm}Mm=1, as:

Nj = max{nm,j : 1 ≤ m ≤ M} (S12)
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(2) We substituted nm,j in vector vm with Nj binary bits, where the first nm,j bits are

set to one, and the remaining Nj − nm,j bits are set to zero.

nm,j ⇒
nm,j︷ ︸︸ ︷

1, · · · , 1,
Nj−nm,j︷ ︸︸ ︷
0, · · · , 0 (S13)

(3) We repeated step (1) and step (2) for all the elements in the vector vm to determine

the binary index-based fingerprints fpm as:

fpm = (

nm,1︷ ︸︸ ︷
1, · · · , 1,

N1−nm,1︷ ︸︸ ︷
0, · · · , 0, · · · ,

nm,j︷ ︸︸ ︷
1, · · · , 1,

Nj−nm,j︷ ︸︸ ︷
0, · · · , 0, · · · ,

nm,6L︷ ︸︸ ︷
1, · · · , 1,

N6L−nm,6L︷ ︸︸ ︷
0, · · · , 0 )

= (dm,1, · · · , dm,k, · · · , dm,
∑6L

j Nj
) dm,k = 0 or 1, 1 ≤ k ≤

6L∑
j

Nj

(S14)

2. Residue type-based fingerprints: Similar to the index-based fingerprints, we first

defined a 6× 20 interaction matrix, MAA,m, for the m-th configuration as:

MAA,m =


nm,1,1 · · · nm,1,20

...
. . .

...

nm,6,1 · · · nm,6,20

 1 ≤ m ≤ M, 1 ≤ i ≤ 6, 1 ≤ t ≤ 20 (S15)

The matrix element nm,i,t represents the number of i-th type of interactions formed

between the small-molecule drug and amino acids of t-th type in them-th configuration.

Here 6 is the number of interaction types, 20 is the number of amino acid types, and

M is the total number of configurations. A small molecule may form the same type

of interactions with multiple residues of same type, resulting in matrix element nm,i,t

being greater than 1. As before, we flattened matrices MAA,m to a one-dimensional

vector vm:

vm = (nm,1, · · · , nm,j, · · · , nm,120) 1 ≤ j ≤ 120. (S16)
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Finally, we similarly binarized vm and obtained the binary residue type-based finger-

prints fpm as:

fpm = (

nm,1︷ ︸︸ ︷
1, · · · , 1,

N1−nm,1︷ ︸︸ ︷
0, · · · , 0, · · · ,

nm,j︷ ︸︸ ︷
1, · · · , 1,

Nj−nm,j︷ ︸︸ ︷
0, · · · , 0, · · · ,

nm,120︷ ︸︸ ︷
1, · · · , 1,

N120−nm,120︷ ︸︸ ︷
0, · · · , 0 )

= (dm,1, · · · , dm,k, · · · , dm,
∑120

j Nj
) dm,k = 0 or 1, 1 ≤ k ≤

120∑
j

Nj

(S17)

For residue type-based fingerprints, Nj was determined across all the condensate-drug

systems to ensure a uniform fingerprint length, enabling comparison across all systems.

Calculation of similarity matrices using index-based fingerprints

To examine the dynamic nature of condensate-drug interactions, we calculated the similarity

between index-based fingerprints at different timepoints. For a given small molecule, the

similarity values along a simulation trajectory can be represented as a matrix. For the k-th

small molecule, we computed the similarity matrix Sk across the trajectory as:

Sk =


sk,1,1 · · · sk,1,T
...

. . .
...

sk,T,1 · · · sk,T,T

 1 ≤ k ≤ 80, 1 ≤ i ≤ T, 1 ≤ j ≤ T, (S18)

where T = 500 is the number of snapshots recorded along the simulation trajectory. The

matrix element sk,i,j represents the Tanimoto similarity,S26 also known as the Jaccard simi-

larity, between the fingerprints, fpk,i and fpk,j determined for the i-th and j-th snapshot. It

is computed as:

sk,i,j =

∑
all bits(fpk,i ∧ fpk,j)∑
all bits(fpk,i ∨ fpk,j)

, (S19)

where fpk,i ∧ fpk,j and fpk,i ∨ fpk,j represent the outcomes of the bitwise AND and OR

operations between fingerprints fpk,i and fpk,j, respectively. The value of sk,i,j ranges between
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0 and 1, with larger values correspond to higher similarity between the fingerprints.

To quantitatively assess the number of binding sites a drug explores during a simulation,

we applied a threshold to determine whether two binding sites in the i-th and j-th frames

are identical:

s′k,i,j =


0 if sk,i,j < 0.6

1 if sk,i,j ≥ 0.6.

(S20)

We then computed the fraction of matrix elements with similarity values greater than 0.6

for the k-th drug molecule as follows:

fk =
1

T 2

T∑
i=1

T∑
j=1

s′k,i,j. (S21)

Numerical values for fk range from 1
T
to 1. A value of fk = 1 indicates that the k-th small-

molecule drug remained static in a single binding site, whereas a value of fk = 1
T
suggests

that it traversed a distinct binding site in every snapshot.

To gain an intuitive understanding of the degree of localization or flexibility exhibited

by a small molecule, we calculated the theoretical lower limit of fk based on the number

of binding sites n that the drug visited during the simulation. Assuming that the k-th

small molecule explored n distinct binding sites over a T -frame simulation, with the drug’s

occupancy durations in these sites denoted as ∆t1,∆t2, · · · ,∆tn. When the drug occupies

different sites in frames i and j, s′k,i,j is 0; when it occupies the same site, s′k,i,j is 1. The
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lower limit of fk can be calculated as follows:

fk =
∆t1

2 +∆t2
2 + · · ·+∆tn

2

T 2

≥
1
n
(∆t1 +∆t2 + · · ·+∆tn)

2

T 2

=
1
n
T 2

T 2

=
1

n
.

(S22)

By obtaining lower limits of fk for different n, and given a value of fk, we can deduce

the minimum number of binding sites the drug likely explored. If fk < 1
n
, the drug must

have explored more than n unique binding sites. We depicted the lower limits of fk for

n = 2, · · · , 10 in Figure S10. Across all condensate-drug systems, most drugs exhibited

significant flexibility and did not remain confined to a few binding sites.

Low dimensional embedding of interaction fingerprints with UMAP

We utilized Uniform Manifold Approximation and Projection (UMAP)S27 to reduce the di-

mensionality of interaction fingerprints, thereby facilitating their visualization and statistical

analysis. We concentrated on residue type-based interaction fingerprints due to their inde-

pendence from the length of the protein chain, which enables comparisons across various

condensate-drug systems.

The Python library UMAP was employed for the analysis, reducing the dimensionality

to 2. We set the number of epochs for UMAP training to 1000. The Jaccard distance

dJaccard, computed as 1 minus the Tanimoto similarity (Equation S19), was used to measure

the distance between pairs of interaction fingerprints. Default values were maintained for

other UMAP hyperparameters.

For each condensate-drug system, UMAP embedding was applied to 40,000 residue type-

based fingerprints, as illustrated in Figure S12. To further investigate the impact of different

drugs, we performed UMAP embedding on residue type-based fingerprints of the same pro-

S-16
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tein with various small molecules, depicted in Figure S15, Figure S16, and Figure S17.

Additionally, we examined the effect of proteins by applying UMAP embedding to residue

type-based fingerprints of the same drug in different protein condensates, as shown in Figure

6 of the main text, Figure S18, and Figure S19.
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Supplemental figures
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Figure S1: Multiscale simulations for the HP1α condensate at different resolutions
produce consistent amino acid contacts. (A) Interchain amino acid contact maps
computed from simulations at different resolutions. (B) Scatter plots of interchain contacts
computed from atomistic simulations versus those determined from MOFF simulations (left)
and MARTINI simulations (right). The red lines are linear fits to the data, with the R2

coefficients of the fit shown in the title.
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Figure S2
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Figure S2: Multiscale simulations for the MED1 condensate at different resolu-
tions produce consistent amino acid contacts. (A) Interchain amino acid contact maps
computed from simulations at different resolutions. (B) Scatter plots of interchain contacts
computed from atomistic simulations versus those determined from MOFF simulations (left)
and MARTINI simulations (right). The red lines are linear fits to the data, with the R2 co-
efficients of the fit shown in the title.
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Figure S3
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Figure S3: Multiscale simulations for the NPM1 condensate at different resolu-
tions produce consistent amino acid contacts. (A) Interchain amino acid contact maps
computed from simulations at different resolutions. (B) Scatter plots of interchain contacts
computed from atomistic simulations versus those determined from MOFF simulations (left)
and MARTINI simulations (right). The red lines are linear fits to the data, with the R2 co-
efficients of the fit shown in the title.
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Figure S4
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Figure S4: Three independent atomistic simulations of the HP1α condensate pro-
duce consistent intra and inter-chain contacts. These simulations were initialized
using different configurations produced along the MOFF simulation trajectory. (A) Inter-
chain amino acid contact maps determined from three independent simulations. R2 values
of the linear fits between the respective contacts and those from the first simulation are
provided in the titles. (B) Intrachain amino acid contact maps determined from three in-
dependent simulations, with the R2 coefficients of the fit with contacts computed from the
first simulation shown in the titles.

S-21



Figure S5
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Figure S5: Simulations uncovered diverse binding poses of small molecules inside
condensates. (A) From left to right, the plots display the probability distribution of the
number of interactions detected in all binding poses uncovered from simulations of the HP1α
condensate with Mitoxantrone, Daunorubicin, Proflavine, and Citicoline. (B) From left to
right, the plots display the probability distribution of the number of interactions detected in
all binding poses uncovered from simulations of the MED1 condensate with Mitoxantrone,
Daunorubicin, and Proflavine. (C) From left to right, the plots display the probability
distribution of the number of interactions detected in all binding poses uncovered from
simulations of the NPM1 condensate with Mitoxantrone, Daunorubicin, and Proflavine.
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Figure S6
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Figure S6: Simulations uncovered varying number of amino acids contribute to
small molecule binding inside condensates. (A) From left to right, the plots display the
probability distribution of the number of amino acids detected in all binding poses uncovered
from simulations of the HP1α condensate with Mitoxantrone, Daunorubicin, Proflavine,
and Citicoline. (B) From left to right, the plots display the probability distribution of
the number of amino acids detected in all binding poses uncovered from simulations of
the MED1 condensate with Mitoxantrone, Daunorubicin, and Proflavine. (C) From left to
right, the plots display the probability distribution of the number of amino acids detected in
all binding poses uncovered from simulations of the NPM1 condensate with Mitoxantrone,
Daunorubicin, and Proflavine.
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Figure S7
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Figure S7: Probability distributions of the number of interactions in binding poses
determined at different simulation times support statistical convergence. The
plots are equivalent to those represented in Figure S5, except instead of the entire simula-
tion trajectory, they were determined using the first (pink) and second (purple) half of the
trajectory.
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Figure S8
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Figure S8: Probability distributions of the number of amino acids in binding
poses determined at different simulation times support statistical convergence.
The plots are equivalent to those represented in Figure S6, except instead of the entire
simulation trajectory, they were determined using the first (pink) and second (purple) half
of the trajectory.
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Figure S9
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Figure S9: Similarity matrices of interaction fingerprints for different Mi-
toxrantrone molecules in the HP1α condensate.
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Figure S10
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Figure S10: The averages of similarity matrices support that small molecules
explore multiple binding sites during the atomistic simulations. The vertical lines
denote theoretical lower limits of this average for a ligand exploring n unique binding poses.
(A) From left to right, the plots display the probability distribution of the average value of
the similarity matrix computed using interaction fingerprints for the HP1α condensate with
Mitoxantrone, Daunorubicin, Proflavine, and Citicoline. (B) From left to right, the plots
display the probability distribution of the average value of the similarity matrix computed
using interaction fingerprints for the MED1 condensate with Mitoxantrone, Daunorubicin,
and Proflavine. (C) From left to right, the plots display the probability distribution of the
average value of the similarity matrix computed using interaction fingerprints for the NPM1
condensate with Mitoxantrone, Daunorubicin, and Proflavine. See text Section: Calculation
of similarity matrices using index-based fingerprints for further discussion.
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Figure S11
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Figure S11: Microenvironments formed by single and multi chains both contribute
to condensate-ligand interactions. (A) From left to right, the plots display the prob-
ability distribution of the single chain dominance computed using interaction fingerprints
for the HP1α condensate with Mitoxantrone, Daunorubicin, Proflavine, and Citicoline. (B)
From left to right, the plots display the probability distribution of the single chain domi-
nance computed using interaction fingerprints for the MED1 condensate with Mitoxantrone,
Daunorubicin, and Proflavine. (C) From left to right, the plots display the probability distri-
bution of the single chain dominance computed using interaction fingerprints for the NPM1
condensate with Mitoxantrone, Daunorubicin, and Proflavine.
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Figure S12

A
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Figure S12: Binding environments in the scaffolds formed by amino acids from
the same and different chains show significant overlaps. Binding poses with single
and multiple chains are shown in pink and blue, respectively. (A) Scatter plot on the two
dimensional UMAP embeddings of the interaction fingerprints for the HP1α condensate
with Mitoxantrone, Daunorubicin, Proflavine, and Citicoline. (B) Scatter plot on the two
dimensional UMAP embeddings of the interaction fingerprints for the MED1 condensate with
Mitoxantrone, Daunorubicin, and Proflavine. (C) Scatter plot on the two dimensional UMAP
embeddings of the interaction fingerprints for the NPM1 condensate with Mitoxantrone,
Daunorubicin, and Proflavine.
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Figure S13
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Figure S13: Intra and inter-chain amino acid contact maps show significant corre-
lation. (A) Contact maps between amino acids from different (left) and the same (middle)
chain computed using the MED1 condensate simulations. The right panel shows the correla-
tion between the intra- and inter-chain amino acid contacts. The red line represents a linear
fit to the data, with the R2 coefficient for the fitting shown in the title. (B) Similar plots as
in part A but for the NPM1 condensate.
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Figure S14
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Figure S14: Non-specific interactions contribute the most to ligand binding inside
condensates. (A) Frequency of various interactions detected in the binding pose between
MED1 and different small molecules. (B) Frequency of various interactions detected in the
binding pose between NPM1 and different small molecules.
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Figure S15
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Figure S15: Small molecules selectively interact with the heterogeneous set of
microenvironments provided by the HP1α condensate. (A) Scatter plot on the two
dimensional UMAP embeddings of the interaction fingerprints for the four small molecules
in the HP1α condensate. (B) Same plot as in part A but with the interaction fingerprints
color-coded according to their fraction of hydrophobic interactions. (C) Scatter plot of the
same UMAP embedding as in part B but shown separately for different small molecules.
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Figure S16
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Figure S16: Small molecules selectively interact with the heterogeneous set of
microenvironments provided by the MED1 condensate. (A) Scatter plot on the two
dimensional UMAP embeddings of the interaction fingerprints for the three small molecules
in the MED1 condensate. (B) Same plot as in part A but with the interaction fingerprints
color-coded according to their fraction of hydrophobic interactions. (C) Scatter plot of the
same UMAP embedding as in part B but shown separately for different small molecules.
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Figure S17
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Figure S17: Similar plots as in Figure S16 but for the NPM1 condensate.
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Figure S18
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Figure S18: Similar plots as in Figure 6 of the main text but for the small molecule,
Daunorubicin.
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Figure S19
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Figure S19: Similar plots as in Figure 6 of the main text but for the small molecule,
Proflavine.
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Figure S20
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Figure S20: The frequency of amino acids in the binding poses correlates and the
frequency computed directly from the protein sequence. The red lines are linear
fits to the data, with their R2 values indicated in the legends. The gray lines are diagonal
references lines for visual guidance.
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