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Sequence-based prediction of
condensate composition reveals that
specificity can emerge frommultivalent
interactions among disordered regions

Check for updates

Jonas Wessén 1,4, Nancy De La Cruz2,4, Heankel Lyons2, Hue Sun Chan 1 &
Benjamin R. Sabari 2,3

While specificity of biomolecular interactions is typically understood to require interactions involving
ordered structures, several biomolecular condensates exhibit specificity in the absence of apparent
structural order. We have previously shown that condensates composed of the disordered region of
MED1 partition specific proteins, mediated by sequence patterns of charged amino acids on the
disordered regions of both MED1 and the interacting partner. Whether this specificity is due to an
unknown ordered-structure-mediated interaction or from the dynamic multivalent interactions
between the patterned charged amino acids in the disordered regions was unresolved. Here we show
that apolymerphysics-basedmodel that only accounts formultivalent interactions amongpolymers in
a statistical manner can largely explain published data on selective partitioning and make predictions
that are subsequently experimentally validated. These results suggest that the specificity of
condensate composition is underpinned to a substantial extent by multivalent interactions in the
context of conformational disorder.

Specificity of biomolecular interactions is often conflated with folded or
otherwise ordered structures. It has long been the goal of molecular biology
to catalog the various ordered structures that biomolecules adopt and
characterize how their interfaces engage with one another. The language
and criteria used to define the specificity of biomolecular interactions
are informed by and assume ordered-structure-mediated interactions or
“site-specific interactions”, yet there is growing evidence that dynamic
multivalent interactions involving intrinsically disordered regions
(IDRs) can also exhibit specificity with functional outcomes as soluble
complexes1–9 and in the context of meso-scale assemblies referred to as
biomolecular condensates10–14. Theoretical examples of such a statistical
mechanism of “fuzzy”molecular recognition afforded by IDRs include the
sequence-dependent co-mixing and de-mixing of condensed poly-
ampholyte species13,15,16 and other model IDRs14,17.

We recently demonstrated experimentally that condensates composed
of a large IDRofMED1 (MED1IDR), the largest subunit of the transcriptional
coactivator complex Mediator, selectively partitioned RNA Polymerase II

(RNA Pol II) together with positive regulators of Pol II (e.g., SPT6) while
excluding negative regulators of Pol II (e.g. NELFE)10. This functional
specificity of MED1IDR condensates required the sequence patterning of
charged amino acids on disordered regions of partitioned partners intohigh
local densities of either positive or negative charge, referred to as charge
blocks. For example, alternating positive and negative charge blocks were
found on the disordered region of SPT6 (SPT6IDR) but were absent from the
disordered region of NELFE (NELFEIDR)10. Experimental manipulation of
SPT6IDR to remove charge blocks disrupted partitioning, and manipulation
of NELFEIDR to add charge blocks promoted partitioning with functional
consequences for RNA Pol II transcription. While these experiments pro-
vided evidence for the importanceof sequence charge patterning in selective
partitioning, it remained unresolved whether the observed specificity
required an unknown ordered-structure-mediated interaction or was lar-
gely accounted for by dynamicmultivalent contacts among the IDRs. Given
the connection between this experimental work and theoretical treatments
of sequence-dependent co-mixing and de-mixing of condensed
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polyampholytes13,15,16, here we test the extent to which a polymer theory-
based statistical model for disordered chain molecules can explain our
experimental data and make new testable predictions of MED1IDR con-
densate specificity.

In the context of experimental observations that charge-patterning is
required for the specificity of MED1IDR condensates, several theoretical
approaches have been developed in recent years to account for various
effects of sequence charge pattern on IDR behaviors. These efforts include
using simulation and theory to investigate effects of sequence charge pattern
on the conformational dimensions and phase separation propensities of
polyampholytes (chain sequences with approximately equal numbers of
positively and negatively charged units), leading to the recognition that
sequence with more blocky charge patterns tend to adopt more compact
conformations as an isolated chain18,19, and they also have a higher pro-
pensity to phase separate. The two effects appear to be significantly corre-
lated, though this correlation is not without limitations20. The sequence
charge pattern also affects chain dynamics within condensates inmolecular
dynamics simulation21. Of particular relevance to the present investigation
of IDRpartitioning is that under the generalfield-theoretic framework, both
approximate analytical theory22 and field-theoretic simulations23–25 have
been applied to study sequence-specific effects in the mixing of condensed
IDR species15,16. On the basis of these advances, we now introduce a novel,
computationally efficient, and high-throughput method derived from
analytical polymer theory for predicting the partitioning of charged IDR
sequences into a biomolecular condensate scaffolded by another
charged IDR.

As detailed below, this high-throughput method can be used to scan
libraries of protein sequences tomake predictions about the extent to which
a protein sequence will (or will not) be partitioned into MED1IDR con-
densates. After demonstrating that our method is capable of validating
previously published experimental data, wemake predictions for sequences
for which there is no experimental data. Predictions of partitioning are then
tested in cell-based assays, where we can assess the degree of partitioning of
any arbitrary sequence into a condensate of MED1IDR tethered to a specific
genomic locus. The cell-based assays show striking qualitative agreement
with themodel predictions and, for the caseswhere themodel disagreeswith
experimental results, provide quantitative insights into non-electrostatic
contributions to selective partitioning in theMED1IDR system,whichmaybe
incorporated into a more refined treatment in future studies. Taken toge-
ther, these findings demonstrate, in the context of the experiments per-
formed here, that selective partitioning can largely be explained by dynamic
multivalent contacts among disordered regions without needing to invoke
ordered-structure-mediated interactions.

Results
Rationale
Partitioning of IDRs into MED1IDR condensates or any other IDR con-
densate is governed by multiple-chain interactions wherein the IDR and
MED1IDR chain conformations are expected to be disordered. Accordingly,
pertinent biophysical properties that are thermodynamic in nature are
determined by appropriate statistical averages over possible configurations
entailing IDR-IDR, MED1IDR-MED1IDR, and IDR-MED1IDR interactions.
Based on the presumed predominance of these interactions in MED1IDR-
scaffolded condensates, for simplicity, our model does not account for
possible interactions involving other molecular species that are present
inside the cell. Here, as a first step, we are interested primarily in the effect of
IDR sequence charge pattern on the electrostatics of partitioning, in which
case the IDR-MED1IDR interaction energy Uij (where the label i stands for
the IDR in question and the label j stands for MED1IDR as in Eqs.1 and 2
below) is the usual screened Coulomb potential given in Materials and
Methods [Eq.6]. In view of the previously observed prominence of sequence
charge pattern effects on IDR partitioning intoMED1IDR condensates10, it is
conceptually worthwhile to first narrow our focus on probing how much
electrostatics alone can physically rationalize such partitioning. Accord-
ingly, while contributions from non-electrostatic interactions will clearly

need to be considered in amore comprehensive approach, they will only be
touched upon briefly in the present analysis.

Because the calculation of thermodynamic averages in principle entails
considering all possible chain configurations, it is computationally chal-
lenging to study such a multiple-chain system using molecular dynamics
simulations, especially if the goal is to assess the predicted IDR-sequence-
dependent behaviors for many such systems for different IDRs. In lieu of
taking into account all possible chain configurations, an intuitive under-
standing of the physics of sequence-dependent client-scaffold interactions
can be attained by considering the constraining effects of chain connectivity
on such interactions. As illustrated schematically in Fig. 1A, among the
many possible chain configurations in a client-scaffold condensate, chain
connectivity makes it probable for amino acid residues that are sequentially
local (i.e., close to one another along the chain sequence) onone intrinsically
disordered protein chain to interact with sequentially local amino acid
residues along one or more spatially neighboring chains. Accordingly, we
propose an approximate, intuitive, semi-quantitativeway tocharacterize the
strength/weakness of partitioning-favoring client-scaffold interaction by
computing a Boltzmann interaction energy averaged over different relative
client-scaffold positions as the client sequence slides along the scaffold
sequence aligned in both the parallel and antiparallelmanners (Fig. 1B). It is
noteworthy that although this sequence-sliding analysis does not cover all
possible chain configurations, it covers multiple scenarios of inter-chain
interactions among sequentially local residues involving a pair ormore than
one pair of chains and/or non-interacting chain ends (examples 1—5
in Fig. 1B).

The sliding-sequence analysis is illustrated by the simple model
sequences in Fig. 1C. Each of these 8-bead model sequences has two posi-
tively charged, two negatively charged, and four electrically neutral residues.
The top three sequences and the bottom sequence shown in the inset are
taken, respectively, to be client sequences with different sequence separa-
tions between their positive and negative charge blocks and a scaffold with
an alternating charge pattern in themiddle of the sequence. For eachmodel
client sequence, the plotted curve in Fig. 1C is the interaction energyUijðxÞ
between the client and scaffold sequences as a function of the horizontal
variable x for the relative position of the two sequences in units of bond
length b. A lower (more negative) UijðxÞ value means a more favorable
client-scaffold interaction at that position. Each of the horizontal dashed
lines (same color code) is the Boltzmann-weighted energy hUiji=kBT �P

xUijðxÞ expð�UijðxÞ=kBTÞ=kBT
P

x expð�UijðxÞ=kBTÞ averaged over
the sliding range. UijðxÞ is the position-dependent screened Coulomb
energy in Eq.6 (Materials and Methods) applied to an inter-chain distance
(perpendicular to the two chains) of 2.5b between the two sequences, where
b is the bond-length separation between successive beads along a chain,
which in turn corresponds to the Cα-Cα virtual bond length (b ≈ 3.8 Å). In
the above expression, kB is Boltzmann’s constant and T is absolute tem-
perature. The choice of an inter-chain distance of 2—3b in Fig. 1C and
results of other sliding-sequence analyses presented below is motivated by
our observation that this range of inter-chain distances is sufficiently small
to allow for significant inter-chain interactions expected in a condensed
phase, but not too small to entail excessivefluctuations inUijðxÞ. Besides this
consideration, the choice is to some extent arbitrary and, as such, should be
regarded as tentative. It will be instructive to assess other inter-chain dis-
tances in future developments of similar sliding-sequence approaches. In
any event, the simple examples in Fig. 1C showcase the sequence-dependent
nature of client-scaffold interactions. For the same given scaffold sequence,
Fig. 1C indicates that clientswith a longer sequence separationbetween their
charge blocks exhibit amore favorable (lower)Boltzmann-weightedaverage
interaction energy (horizontal dashed lines) with the scaffold.

The above-described sliding-sequence analysis thus offers an intuitive
physical picture as to how the charge sequences of an IDR and MED1IDR

may affect IDR partitioning by essentially using a set of “sliding-sequence”
configurations as representative of the underlying, much more complex
IDR-MED1IDR interaction. This approach is next applied in Fig. 1D to
natural disordered regions fromNELFEand SPT6 (sequences for all regions
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used in this study are provided in Table S1). These disordered regions are
chosen as examples because we have previously determined experimentally
that this disordered region of SPT6 has high partitioning, while the dis-
ordered region of NELFE has low partitioning10. In the same vein as the
simple examples of our sliding-sequence analysis in Fig. 1C, Fig. 1D illus-
trates the essential physics of charge-sequence-dependent IDR-MED1IDR

interactions by the position-dependent screened Coulomb energy (in units
of kBT) UijðxÞ=kBT between the disordered regions of MED1 and NELFE
(orange lines). The same sliding-sequence analysis is applied to the
N-terminal disordered region of SPT6 (blue lines) as each of the IDRs slides
alongMED1IDR (indicated by the arrows), now at an inter-chain distance of
3 Cα-Cα virtual bond lengths (3b ≈ 11.4 Å). Again, a lower (more negative)
UijðxÞ=kBT valuemeans amore favorable IDR-MED1IDR interaction. (Note
that a slightly smallerbwasused for the simplemodel sequences inFig. 1C to
enhance differences in their inter-chain interactions for clarity because the
model sequences aremuch shorter.) In addition to the Boltzmann-weighted
thermodynamic averages introduced in Fig. 1C,which are plotted in Fig. 1D

by thick horizontal dashed lines, horizontal dotted lines in Fig. 1D also
provide the arithmetic mean

P
xUijðxÞ=kBT

P
x1 over the range of hor-

izontal variablex considered.By comparison, althoughboth theBoltzmann-
weighted and arithmetic mean energies indicate consistently that SPT6
interacts more favorably with MED1 than NELFE, the Boltzmann average,
which exhibits a larger difference in interaction energy between the dis-
ordered regions of SPT6 and NELFE, is expected to be more representative
of the physical situation than the arithmetic mean because a basic tenet of
statistical mechanics is that configurations that are energetically more
favorable are populated more prominently in a constant-temperature
ensemble and therefore should be givenmoreweight in the thermodynamic
average. Accordingly, the sliding-sequence analysis offers a physical ratio-
nalization for the experimental observation that SPT6IDR partitions sig-
nificantly more strongly into MED1IDR (i.e., has a higher partition
coefficient, PC) thanNELFEIDR 10 because the results in Fig. 1D show clearly
that SPT6 interacts significantly more favorably with MED1 than NELFE
when averaged over the sliding-sequence configurations.
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Fig. 1 | Physics of sequence-dependent IDR association and partitioning illu-
strated by an intuitive sliding-sequence consideration. A Schematics of interac-
tions between an IDR scaffold (red chains) and an IDR client (blue chains) in and
around a condensate (green area), wherein amino acid residues at selected positions
along the two IDR sequences are represented by symbols of different shapes and
colors. The dotted circles highlight several possible configurations of inter-chain
interactions between the IDR sequences: (1) Because of chain connectivity, it is
physically plausible for contact-like interactions to exist between chains that are
locally approximately aligned; (2) in the condensed phase, these locally aligned
contact-like interactions can be between different pairs of chains at different
sequence positions; and (3) the local alignments can be parallel or antiparallel with
respect to theN- to C-terminus directions of the two IDRs. (4,5)More generally, it is
also possible that some chain segments of either IDRmay not be interacting in close
spatial proximity with another IDR, especially when the segments are outside the
condensed phase, and that (6) some contact-like interactions may not involve
locally aligned chain segments at all. B The sliding-sequence analysis in the present
work entails determination of interaction energies as the client sequence (blue) is
moved along the scaffold sequence (red) as indicated by the double arrows. Three
examples of different relative positions of the two sequences are schematically
depicted in parallel aswell as in antiparallel alignments (a,b).C Simple 8-beadmodel
sequences each with four electric charges. Positive and negative charges are repre-
sented, respectively, by blue and red beads in the inset. The interaction of each of the

threemodel client sequences (marked by blue, light blue, and green lines in the inset)
with the model scaffold sequence (red line) is assessed byUij=kBT (potential energy
given by Eq.6 in units of kBT, vertical variable) as a function of the distance between
the centers of the client and scaffold sequences (horizontal variable). The Uij=kBT
energy profiles (curves) and the Boltzmann-weighted average energies hUiji=kBT
(horizontal dashed lines) are shown using the same color code for the clients as that
in the inset.D IDRs with a blockier charge pattern interact more favorably with the
IDR ofMED1. As in (C), the vertical variable isUij=kBT and the horizontal variable
is the distance between the centers of the MED1 and the NELFE or SPT6 IDR
sequence. Positively and negatively charged residues are indicated by blue and red
lines in the depiction of the MED1 and IDR sequences (bottom, with the N and C
termini marked). The NELFE and SPT6 sequences are shown in their respective
positions at which the interaction with MED1 is most favorable (most negative
energies marked by circles along the orange and blue curves). Each of the dotted
lines (same color code for the IDRs) is the arithmeticmean of the screened Coulomb
energy (vertical variable) over the horizontal range; the thicker dashed curves are the
Boltzmann-weighted average energies hUiji=kBT . Each of the energy profiles pro-
vided in (C) and (D) is for the alignment that has the lowest energy minimum. For
presentational consistency, each of the averaged energies marked by the horizontal
dashed and dotted lines is computed using the corresponding shown energy profile
without contributions from the energy profile for the opposite alignment.
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Nonetheless, while the sliding-sequence analysis offers semi-
quantitative predictions for PC (a potentially useful extension to
include non-electrostatic interactions will be discussed below), the pro-
cedure is time-consuming in general because for a pair of sequences of
length ~N, it requires ~N3 energy calculations. Molecular dynamics
simulation of the partitioning process is even more computationally
expensive. Another possible theoretical avenue is to apply the random
phase approximation (RPA) formalism24,26,27 to analytically model the
binary phase separation of an isolated system containing an IDR species
and MED1IDR on equal footing. An exploratory calculation for wildtype
(WT) and two variants of SPT6IDR, which were experimentally deter-
mined to have reduced partitioning10, produced a trend of predicted PCs
consistent with the experimentally observed trend, supporting RPA as an
effective means to capture the effect of sequence charge pattern on IDP
interactions (Supplementary Note 1 in Supplementary Methods and
Fig. S1). However, as it stands, the application of this method to PC
prediction is limited because the model assumptions are too restrictive
for quantitative match with experiments, and it is numerically costly for
any task that requires a high throughput.

The FH-RPAmodel
As described in Materials and Methods and detailed in Supplementary
Methods,we found that experimental PCs can be rationalized andpredicted
quantitatively to a substantial degree through capturing the physics of IDR-
MED1IDR interaction approximately by treatingMED1IDR as the scaffold of a
preformed condensate and the IDR as a client species (Supplementary
Note 2). In this approach, the theory-predicted PC for IDR type i into
MED1IDR (labeled as j) is governed by a Flory interaction parameter28 χij:

PCðtheoryÞ
i ¼ c1 þ c2χijNi; ð1Þ

where Ni is the chain length (number of amino acid residues) of the IDR
client i, c1 and c2 are empirical coefficients to be determined by fitting this
formula to experimentally measured PCs. When only electrostatic inter-
actions are taken into account, χij can be approximated as a sum of a zeroth
order term χð0Þe

� �
ij that depends only on the net charges of the IDR and

MED1IDR, and a first-order random phase approximation (RPA) term

χð1Þe

� �
ij ¼ 2πl2Bρ0

Z 1

0
dk

k2

k2 þ κ2
� �2 giðkÞgjðkÞ ð2Þ

that takes into account the sequence charge patterns of the IDR and
MED1IDR. In Eq.2, lB is the Bjerrum length that determines the strength of
electrostatic interactions in a thermal environment, ρ0 is a reference density
for the solution system, κ is the inverse Debye screening length, and giðkÞ, a
function of reciprocal space (Fourier-transformed) coordinate k, is depen-
dent on the sequence charge pattern and involves a smearing lengtha for the
IDR residues in the field-theoretic description. As will be discussed in more
detail below, charge patterns involving residue positions far apart along the
chain sequence (i.e., nonlocal patterns encompassing charges separated by
long contour lengths) areonly capturedby giðkÞwith smallk values,whereas
charge patterns involving residue positions close (local) to one another
along the chain sequence are characterized by giðkÞ with both small and
large k values (expressions for lB and giðkÞ are provided in Materials and
Methods). Because this formalism combines Flory-Huggins (FH) mean-
field theory (MFT)28 with RPA treatment of sequence-pattern-dependent
electrostatic interactions of charged polymers24,26,27, we refer to it as the FH-
RPA method (Eqs. 1, 2, 4–9).

It follows from Eq.2 above that the sequence-dependent RPA con-
tribution to the Flory-Huggins interaction parameter χij in Eq.1 satisfies the
proportionality relation

χij / Ni

Z 1

0
dkAiðkÞAjðkÞ; ð3Þ

where

AiðkÞ � kgiðkÞ= k2 þ κ2
� � ð4Þ

and giðkÞ is proportional to a sum of terms in the form of

σðiÞα σðiÞβ exp �jα� βjk2b2=6� � ð5Þ

inwhichσðiÞα is the charge at sequencepositionα for sequence types i (Eq.6 in
“Methods”). The FH-RPAapproach is illustrated inFig. 2Ausing the simple
model scaffold sequence (red curve) and the three model client sequences
(blue andgreen curves) introduced inFig. 1C.Aclear trend is seen in Fig. 2A
in that the AiðkÞ profile of a client sequence increases (i.e., takes higher
values) with increasing sequence separation between the charge blocks (i.e.,
when the sequence charge pattern is more “blocky”). According to Eq.3
above, because themodel client sequences share the same chain lengthNi (=
8), a sequence with a higher AiðkÞ profile is predicted by RPA to have a
higher PC, and this trend is consistentwith the trend inFig. 1C from sliding-
sequence analysis.

While recognizing that the exact mathematical forms in Eqs.3–5
follow rigorously from the RPA derivation in Materials andMethods and
Supplementary Methods, it is also straightforward to see from the
expression in Eq.5 why more blocky sequence patterns result in larger
giðkÞ and thus largerAiðkÞ as exemplified in Fig. 2A. Because of the σðiÞα σðiÞβ
factor in Eq.5, a pair of charges of the same sign at the αth and βth
positions contributes positively to AiðkÞ whereas a pair of charges of
opposite signs contributes negatively. When the sequence charge pattern
is blocky, for α ≠ β, σðiÞα σðiÞβ tends to be positive for small jα� βj because
sequence-local charges tend to be of the same sign, and σðiÞα σ

ðiÞ
β tends to be

negative mostly for large jα� βj when α and β are sequence positions in
oppositely charged blocks (note that α = β terms are always positive).
Since the value of the exponential factor in Eq.5 (which is always positive)
decreases with increasing jα� βj for k > 0, it follows that blocky charged
sequences have larger positive contributions compared to the magnitudes
of negative contributions and thus result in larger AiðkÞs. Conversely, for
sequences with a well-mixed charge pattern, σðiÞα σ

ðiÞ
β tends to change sign

for small variations in jα� βj and therefore terms in the form of Eq.5
tend to cancel partially, resulting in smaller AiðkÞs.

In light of this consideration, the FH-RPAprediction that PC increases
linearly with χijNi (Eq.1) which in turn contains an RPA term proportional
to the integral of the product in Eq.3 ofAiðkÞ for the client andAjðkÞ for the
scaffoldmaybeunderstood, at least partially, as a statement that partitioning
is favored by a blocky client as well as a blocky scaffold. For client and
scaffold sequences with substantial numbers of both positively and nega-
tively charged residues such that they can broadly be viewed as poly-
ampholytes for which RPA is best suited29, this physical picture makes
intuitive sense because a blocky client and a blocky scaffold would allow for
pairing of oppositely charged blocks on the client and the scaffold that are
strongly favorable and thus resulting in higher PCs, whereas a less blocky
client or a less blocky scaffold or bothwould lead toweaker interactions and
thus smaller PCs. In the FH-RPA formulation, effects of any net positive-
negative charge imbalance on the client and the scaffold are then accounted
for by the zeroth-order mean-field term that depends only on the net
charges of the two sequences (Eq.8 in “Methods”). Beyond this general
charge “blockiness” consideration, sequence-dependent client-scaffold
interactions are also approximately taken into account by coupling their
length scale-modulated sequence charge patterns at the same length scale
(i.e., multiplying AiðkÞ and AjðkÞ at the same k) and integrating over all
length scales (integrating over k in Eq.3). While this formulation does not
account for all manners of interactions between the client and scaffold (in
this sense it is similar to the sliding-sequence analysis), it is the essence of
RPA which has proven to be useful for physical modeling of sequence-
dependent phase separation22.

As an initial validation test andparameteroptimizationof FH-RPA,we
used the experimentally measured PCs of 31 IDR sequences into MED1IDR
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Fig. 2 | FH-RPA model rationalizes effects of charge scrambling and other
sequence charge pattern variations on IDR PCs. A The FH-RPA account of
sequence-dependent client-scaffold by NiAiðkÞ [Eq.1 and Eq.2] is illustrated by the
AiðkÞ curves of the three simple model client sequences and the model scaffold
sequence (inset) introduced in Fig. 1C (same color code). Note that the Ni factor is
omitted here in the vertical variable because all four sequences considered are of the
same length. B, C Scatter plots of published experimental versus theory-predicted
PCs for the partitioning of 19 natural (wildtype, WT) client sequences into MED1
(excluding MED1 into MED1) used in our parameter optimization. Correlation is
significantly enhanced in RPA (C) relative to MFT (B); r is the Pearson correlation
coefficient. Sequence chain lengths are color-coded. Experimental values (symbols)
are presented as the average of 10 measurements. The corresponding standard
deviations are indicated by the experimental error bars (values are provided in
Table S2).DThe FH-RPA-predicted sequence-dependent PC of an IDR intoMED1
condensates is governed byNiAiðkÞ [Eq.1 and Eq. 2]. E, F The NELFE (E) and SPT6
(F) AαβðkÞ; α≠β heat maps for the smaller and larger k values [dashed lines in (D)]
are provided, respectively, by the lower and upper triangles. White areas represent
AαβðkÞ ¼ 0 or AαβðkÞ � 0 (right scales). Sequence charge patterns of NELFE and
SPT6 [as in Fig. 1D] are shown along the heat map axes. G Representation of the
charge patterning and net charge per residue (NCPR) profile ofWT SPT6IDR and the
indicated sequence variants. The position of acidic or basic amino acids is indicated

by vertical red or blue lines, respectively. The horizontal black curve represents the
NCPR profile using a 10 amino acid sliding window, wherein the net charge of
successive 10-residue windows is plotted (10 times the net charge per residue).
Consequently, each NCPR profile has a possible max of +10 and a possible min of
-10 centered at 0 charge.H Left: compilation of previously published experimental
data of the partitioning of fluorescence signal from mCherry fused to the indicated
control or SPT6IDR variant inside andoutside of CFP-LacI-MED1IDR foci in Lac array
cells. Data are presented as a box plot (min–max). p-value, one-way ANOVA with
multiple comparison test vs. the no IDR control. Ordinary one-way ANOVA with
Dunnet’s multiple comparisons test to a “no IDR” mCherry control (N, 11) was
performed for WT SPT6IDR (N, 10; p, <0.0001), full scramble (N, 10; p, 0.6742),
charge scramble (N, 10; p, >0.9999), and three independent non-charge scrambles
(each withN, 10; p, <0.0001). These data were originally reported in ref. 10. Dashed
horizontal line indicates the median of the “no IDR” control. Right: FH-RPAmodel
predictions of partition coefficient values (Eq.1) for the indicated SPT6IDR variant
into MED1IDR condensates. I Similar to (G), but for NELFE or a charge rearranged
variant designed to mimic the blocky charge patterning found in SPT6IDR. J Similar
to (H), but for NELFE WT and charge rearranged variant (blocky). Ordinary one-
way ANOVA with Dunnett’s multiple comparisons test to a “no IDR” mCherry
control (N, 11) was performed for WT NELFEIDR (N, 10; p, 0.8805) and blocky (N,
10; p, <0.0001). Experimental data were originally reported in ref. 10.
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condensates (Table S2 and Fig. S2) to maximize their Pearson correlation
coefficient r with the term χijNi in the theoretical Eq.1 by optimizing lB, κ,
and a as fitting parameters (Supplementary Note 3, Note 4, Note 5, and
Fig. S3). The numerical values of c1 and c2 (> 0), which do not affect r, were
subsequently determined by a linear fit to Eq.1 (Supplementary Note 5).
This set of 31 partitioning measurements is compiled from our previous
publication10 and includes natural IDR sequences, variants of natural IDR
sequences, and synthetically designed sequences. These partitioning mea-
surements are all derived from the same cell-based fluorescencemicroscopy
method using a U2OS cell line with large repeats of LacO DNA elements
integrated into its genome30. Due to the high-affinity interactions of LacI
protein to LacO DNA, expression of a CFP-tagged LacI fused to MED1IDR

(CFP-LacI-MED1IDR) leads to a high local concentration of MED1IDR at the
LacO repeat locus, creating a synthetic condensate which can be detected
using confocal fluorescence microscopy as a bright CFP focus. To measure
partitioning, we introduce a second protein sequence fused tomCherry and
measure mCherry fluorescence signal inside and outside the CFP-LacI-
MED1IDR focus. This strategy has been used in many publications to assess
partitioning in cells10,12,31–36.

This first exercise with the FH-RPA model indicates that the
sequence charge pattern plays a prominent role in determining IDR
partitioning into MED1IDR condensates. Fig. S4 shows that if only the net
charges of the IDRs are considered (MFT, using only the zeroth-order
term), the Pearson correlation coefficient is merely r ≈ 0.35 between
theory-predicted and experimental PCs, whereas the correlation
improves to r ≈ 0.67 when sequence charge patterns are taken into
account (RPA, using both the zeroth and first-order terms). These cor-
relation coefficients are obtained by practically treating lB, κ, and a as
merely mathematical parameters to be optimized. To assess the robust-
ness of our approach, we tested an example system with a set of
experimentally accessible conditions with aqueous relative permittivity
εr ¼ 78.5, T ≈ 280 K (lB ¼ 2b) and Debye screening length κ�1 � 3.8 nm
(κ ¼ 0:1b�1, i.e., ionic strength ~ 6mM), for which r ≈ 0.65 was obtained
for FH-RPA (see Supplementary Note 5), which is only slightly smaller
than the r ≈ 0.67 obtained using optimized parameters, indicating that
the correlation is not highly sensitive to parameter choice and thus
putting the reasonably good correlation seen in our FH-RPA approach
on a sound physical basis. We have further assessed the robustness of the
obtained correlations by calculating the correlation coefficient r using the
optimized parameters for every one of 500,000 samples of 19 randomly
selected sequences (with replacements) out of the 19 wildtype (WT)
client IDR sequences in Table S2 (excluding MED1 itself). The resulting
distributions in r for MFT and RPA, which are provided in Fig. S5, show
a wide distribution for MFT (Z-score ≈ −0.280) but a significantly
narrower distribution for RPA (Z-score ≈−0.252). Notably, virtually all r
values in the RPA distribution are larger than 0.5, indicating that the
reasonably good correlation between experimental and FH-RPA-
predicted PCs is a robust observation.

Using the optimized parameters, the correlation between experimental
and theory-predicted PCs for the subset of 19 natural (WT) client IDRs is
shown in Fig. 2B, C, again exhibiting improved correlation when the
sequence charge pattern is taken into account. Uncertainties in experi-
mentally measured PCs are provided in Fig. 2B, C by the error bars. It is
notable that outliers in the scatter plots tend to have larger experimental
uncertainties, suggesting a tantalizing possibility that experiment-theory
correlation—especially for RPA—may be further improved with more
accurate measurements in the future. In any event, these results taken
together demonstrate the utility of the FH-RPA model in predicting PC
values for a relatively large library of IDRs. The results also demonstrate how
combining mean-field theory with random phase approximation yields
predictions that have greater agreement with experimental data. As is evi-
dent from the large number of PC values we were able to predict in the
investigation presented below and in the Supplementary Methods (Sup-
plementary Note 3, Note 6, and Figs. S6—S9), themethod is highly efficient
computationally.

FH-RPAmodel rationalizes effects of charge scrambling on
IDR PCs
To illustrate how FH-RPA captures sequence charge pattern-dependent
IDR-MED1IDR interactions, we display the quantity NiAiðkÞ �
NikgiðkÞ= k2 þ κ2

� �
in Fig. 2D forMED1IDR and for the IDRs ofNELFEand

SPT6. These IDRs are chosen as examples of well partitioned (SPT6) and

poorly partitioned (NELFE) sequences. Since χð1Þe

� �
ij is the main factor in

the FH-RPA-predicted PCs (“Methods”) and χð1Þe

� �
ij is proportional to

Ni

R1
0 dkAiðkÞAjðkÞ in accordance with the above Eq.2, the larger theory-

predicted PC for SPT6 is seen here as a result of the largerNiAiðkÞ value of
SPT6IDR over that of NELFEIDR for the entire range of k plotted in Fig. 2D.

How this difference arises from the two IDRs’ sequence charge patterns is

further illustrated by the heat maps in Fig. 2E, F for the quantity AαβðkÞ ¼
½Γ̂ðkÞ2k=ðk2 þ κ2Þ�σðiÞα σðiÞβ expð�jα� βjk2b2=6Þ which is the smeared ver-

sion of the quantity displayed in Eq.5 above [multiplied by the smearing

factor Γ̂ kð Þ2], at one smaller and one larger k values. AαβðkÞs are individual
terms contributing to AiðkÞ, viz., AiðkÞ ¼

PNi
α¼1

PNi
β¼1 AαβðkÞ=Ni. As dis-

cussed above, more blocky charged sequences have larger AiðkÞ values
because of the positive AαβðkÞ terms within a block of residues with mostly
the same charge. The heat map for NELFE in Fig. 2E exhibits mostly
negative Aαβ values (green areas) and a few positive Aαβ values (orange
areas) because the NELFE sequence charge pattern (shown along the left
and top sides of the heat map) is not blocky. In contrast, the heat map for
SPT6 in Fig. 2F exhibitsmostly positiveAαβ values (orange areas) and fewer
negativeAαβ values (green areas) because the SPT6 sequence charge pattern
is blocky, as it canbe seenclearly fromFig. 2F that thepositionsof theorange
areas in the heat map largely coincide with the positions of the sequence
charge blocks along the left and top sides (negative charge blocks indicated
by densely-spaced red lines). Accordingly, the largerAiðkÞ values of SPT6IDR
than those of NELFEIDR arise from the significantly larger positive orange-
colored area in the heat maps for SPT6IDR than that for NELFEIDR. The heat
maps in Fig. 2E, F also illustrate that AiðkÞ for small k characterizes both
sequentially local (small jα� βj) and nonlocal (large jα� βj) charge pat-
terns, as orange and green dots representing nonzero AαβðkÞ values are
present extensively in the lower triangles for small k. By comparison,
orange and green dots are restricted to a narrow region near the diagonal of
each of the upper triangles for large k, indicating that AαβðkÞ � 0 when
jα� βj is larger thana relatively small value.Therefore, asmentionedabove,
only sequentially local charge patterns are characterized by AiðkÞ with
large k.

As an illustration of how FH-RPA can discriminate between sequence
patterning in qualitative agreement with previously published experimental
data, we focused on sequence rearrangement experiments of SPT6IDR or
NELFEIDR. In these experiments, overall sequence composition, and there-
fore average charge properties, aremaintained, but the positions of residues
are manipulated in either sequence to remove, maintain, or introduce
charge patterning associated with partitioning into MED1IDR condensates.
For SPT6IDRwemade three different types of scrambled sequences (Fig. 2G).
Two of these remove blocky charge patterning by either scrambling all
amino acids (full scramble) or scrambling only charged amino acids, leaving
non-charged amino acids unchanged (charge scramble). In the third type of
sequence rearrangement,we scrambled the sequenceof non-charged amino
acids, leaving charged amino acids unchanged, thereby maintaining the
wild-type charge patterning. This “non-charge scramble” was designed in
three random iterations. Previously published10 results compiled here are in
qualitative agreement with changes to PC derived from FH-RPA, both
showing that removing blocky charge pattern disfavors partitioning and
manipulations that maintain blocky charge pattern do not affect parti-
tioning (Fig. 2H). For NELFEIDR, we rearranged charged amino acids to
introduce charge blocks (Fig. 2I), leading to an increase in partitioning
measured experimentally and to an increase in PC values derived from FH-
RPA (Fig. 2J). Taken together, the FH-RPAmodel is able to explain changes
in partitioning due to manipulations of sequence patterning even when the
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sequences have the same average charge properties. Notably, the
MFT approach will fail in this regard because the MFT-predicted PC
depends only on the amino acid composition of the sequence and, therefore,
MFT always predicts the same PC for all scrambled versions of a given
sequence.

FH-RPAmodel successfully identifies high-PC regions in
proteins
In view of the significant dependence of predicted PCs with IDR chain
length (SupplementaryNote 2 andNote 3) and the possibility of IDR chain-
length-dependent reduction in conformational entropy upon partitioning
into a condensed polymeric environment37, we next conducted a focused
test of the FH-RPA model by considering IDR sequence segments sharing
the same length. We do so by computing theory-predicted PCs for slid-
ing sequencewindows of 200 residues. The protocol, as described in Fig. 3A,
entails sliding a 200-residue window (gray bar, horizontal arrows) along a
full-length sequence (human CTR9 in this example) and computing a
theory-predicted PC at every step. This procedure produces a PC profile for
the full-length sequence (black curve). To identify a high PC regionwithin a

full-length sequence, we first locate the position of the window with the
maximum predicted PC (indicated by the top horizontal red dashed line)
and then take the two windows with 90% of the maximum predicted PC as
the boundary of the high-PC region (horizontal orange bar in Fig. 3A).

We used this method to create PC profiles of CTR9 and SPT6, two
proteins partitioned into MED1IDR condensates and for which we have
previously identified regions necessary and sufficient for partitioning10.
Strikingly, the PC profile method identified regions within the N-terminal
disordered region of SPT6 and the C-terminal disordered region of CTR9
(Fig. 3B, C), which had been experimentally defined as necessary and suf-
ficient for partitioning into CFP-LacI-MED1IDR foci10. By overlaying dis-
order predictions fromMetapredict38,39 (Fig. 3B, C, green line), plotted using
the same average over sliding windows of 200 residues used for plotting the
PC profile (orange line), we find that there is significant overlap between
high PC and IDRswith high charge patterning (overlayedNCPR plot at the
bottom). Interestingly, not all predicted disordered regions have high pre-
dicted PC (e.g., the C-terminal end of SPT6 in Fig. 3B), as not all predicted
disordered regions have the same charge or charge pattern characteristics.
These results demonstrate the utility of the FH-RPAmodel in scanning full-
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length proteins to identify regions with predicted high partitioning because
those regions match experimentally validated regions responsible for the
partitioning of the protein.

PC profiles are conserved despite a reduction in positional
sequence conservation
To investigate whether PC profiles are an evolutionary conserved feature of
proteins, we performed the PCprofile analysis on SPT6 (Fig. 3D) andCTR9
(Fig. 3F) protein sequences from several animal species (human, mouse,
chicken, frog and fish) (Table S1). The PC profiles of CTR9 or SPT6 from
these different species were strikingly similar and all identified a high PC
region in the same region of the protein (orange-shaded areas in Fig. 3D, F).
Sequence alignments (Clustal omega) of the high PC regions (Supple-
mentary Note 7 and Fig. S10) showed that % identity became lower relative
to the human sequence with evolutionary distance for both SPT6 (Fig. 3E,
left) and CTR9 (Fig. 3G, left). The poor positional conservation of sequence
is expected for a region predicted to be disordered40–44. Nonetheless, when
PCprofiles of the high PC regions of SPT6 (Fig. 3E, right) or CTR9 (Fig. 3G,
right) from different species were quantitatively compared to one another
(“Methods”, Eq.10), they were nearly identical—as is also quite clear from
inspection of Fig. 3D, F, suggesting that the high PC value is evolutionary
conserved even though there is a reduction in positional sequence con-
servation. To test this prediction, we expressed the high PC regions of SPT6
(Fig. 3H–J) or CTR9 (Fig. 3K–M) from the indicated species andmeasured
their partitioning into CFP-LacI-MED1IDR foci in Lac array cells. While
there was some targeting of thesemCherry-tagged proteins to other regions
of the nucleus (Fig. 3I, L), high PC regions of SPT6 from different species
(Fig. 3I) and CTR9 from different species (Fig. 3L) all partitioned into the
CFP-LacI-MED1IDR foci. Quantification focused on mCherry partitioning
into CFP-LacI-MED1IDR foci relative to an mCherry alone control showed
that all predicted high PC regions from SPT6 (Fig. 3J) and CTR9 (Fig. 3M)
have significant enrichment. These results show that theFH-RPAPCprofile
method can identify regions of full-length proteins that partition into CFP-
LacI-MED1IDR, with PC profiles for SPT6 and CTR9 well conserved across
species, though the conservation of the amino acid residues along the
sequence decreases significantly with evolutionary distance.

FH-RPAmodel successfully predicts low-PC and high-PC IDR
windows
Given the utility of FH-RPA to scan through arbitrary protein sequences
and the striking agreement of predictions with experimental data, we next

sought to scan through the proteome to identify novel sequences with high
or low predicted PC values and test these predictions in the Lac array cell
system.Wedecided toperform the sliding-window(tiling) analysiswith 200
amino acid windows and focused this analysis on long (≥ 200 amino acids)
terminal disordered regions of nuclear proteins involved in transcription
(Fig. 4A). Starting with the UniProt reviewed human proteome, we first
identified predicted disordered regions using Metapredict38,39, filtered for
regions with≥ 200 amino acids, filtered for regions foundwithin 10% of the
N or C terminus, and finally filtered for disordered regions from proteins
annotated with keyword “transcription” by UniProt. This yielded 865 IDRs
with lengths ranging from200 to 2869 amino acids.We then calculated FH-
RPA-derived PC values for 200 amino acid windows by scanning all
sequences. This represented the calculation of PC for 165,621 regions.

Given the contribution of electrostatics in the FH-RPA model cal-
culation, we sought to compare 200 amino acid regions with comparable
average charge but with different PC scores.We reasoned that comparing
regions predicted to have different PC values but which differed dra-
matically in charge properties would not be a good test of the prediction.
We therefore only focused on regions with relatively high acidic
(25% < acidic < 33%) and basic (10% < basic < 33%) amino acid fractions
and roughly similar isoelectric points (4.0–4.65). This approach yielded a
set of 4 regions predicted to have high PC and 7 predicted to have low
PC. We included SPT6IDR as our positive control and a 200 amino acid
window of NELFEIDR with the highest fraction of acidic amino acids as a
negative control. Key parameters for SPT6IDR and predicted high PC
regions can be found in Fig. 4B, and those for NELFE and predicted low
PC regions can be found in Fig. 4C. All sequences can be found in
Table S1. We expressed these sequences as mCherry fusions together
with CFP-LacI-MED1IDR in Lac array cells and measured their parti-
tioning into CFP-LacI-MED1IDR foci in cells. In this way, we were testing
sequences of the same length, comparable average charge properties, but
different predicted PCs.

NCPR profile analysis of the 4 new high PC regions showed that these
regions had high local density of charge (Fig. 4D). In Lac array cells, all four
of these high PC regions partitioned into CFP-LacI-MED1IDR foci (Fig. 4E).
While there was some variability of where these regions were targeted
elsewhere in the nucleus (Fig. 4E), quantification focused on mCherry
enrichment atCFP-LacI-MED1IDR foci shows significant enrichment for the
four high PC regions relative to mCherry alone (Fig. 4F). These results
demonstrate that the FH-RPA can successfully identify well partitioned
regions from an arbitrary list of sequences.

Fig. 3 | FH-RPA model successfully identifies high-PC sequence windows in
CTR9 and SPT6. A Sliding-window analysis. Using human CTR9 as an example,
PCs are computed for a 200-residue window (gray horizontal bar) sliding along
(horizontal gray arrows) the full-length sequence and plotted at the midpoint of the
sequence window (black curve in the main plot). The inset depicts the sequence
charge pattern of the entire CTR9 as in Fig. 1D, now with the black curve inside the
inset showing sliding NCPR over consecutive 10-residue windows (inset vertical
scale for charge ranges from−10 to+10 as in Fig. 2G). The predicted high-PC region
(orange bar) is constructed as described in the text; the red bars are the first and last
200-residue windows in the high-PC region. B Sliding-window analysis for human
SPT6. PC profile is plotted as in (A), now in orange (left vertical scale), together with
the Metapredict disorder profile computed for the same set of 200-residue windows
(green curve, right vertical scale). The disorder regions, defined by disorder measure
>0.5, are shaded in green and indicated by the horizontal green bar. The high-PC
regions are indicated by the horizontal orange bar.CCorresponding sliding-window
analysis for human CTR9 (orange curve, same data as in (A)), now showing also the
sequence disorder profile (green curve).D PC profiles of the SPT6 IDR for different
animal species are color-coded as indicated, wherein the PC profile for the human
sequence essentially overlaps with those for the other sequences. The high-PC and
high-disorder regions for the human IDR sequence are marked as in (B) using
orange and green bars and shaded areas; these colors do not share themeaning in the
color code for the different sequences. E Left: bar chart of % identity from Clustal
omega of SPT6 high-PC regions identified in different species relative to the human
sequence. Right: % PC profile similarities (as defined in Materials and Methods)

between the same high-PC regions in different species relative to the human
sequence. F Same as (D) but for CTR9. The high-PC and high-disorder regions for
the human IDR sequence are marked as in (C). G Same as (E), but for CTR9.
H Representation of the charge patterning and NCPR profile of the high PC region
from SPT6 from the indicated species. I Representative images of mCherry-tagged
high PC regions of SPT6 from the indicated species co-transfected with CFP-LacI-
MED1IDR (human) in the Lac array cell line. The top row shows the mCherry
fluorescence signal, and the bottom row shows the CFP fluorescence signal. White
box designates the Lac array focus using the CFP channel. Inset in the top right
corner of panels represents zoom in at CFP-LacI-MED1IDR focus. The dashed white
line designates the cell nucleus. Scale, 5 μm. JBox plot (min–max) of the partitioning
as defined by the ratio of mCherry fluorescence signal inside/outside of CFP-LacI-
MED1IDR foci for SPT6 high PC regions from indicated species and anmCherry only
control. Individual data points are plotted on top of the box plot. The dashed
horizontal line indicates the median of the control. p-values represent the t-test for
each high PC region relative to the control. Two-tailed unpaired t-tests relative to an
mCherry control (N, 13) were performed for high PC regions of SPT6 from human
(N, 12; p, <0.0001), mouse (N, 6; p, <0.0001), chicken (N, 8; p, <0.0001), frog (N, 8; p,
0.0003), orfish (N, 10; p, <0.0001).K Same as (H) but for CTR9 high PC regions from
indicated species. L Same as (I) but for CTR9 high PC regions from indicated species.
M Same as (J) but for CTR9 high PC regions from indicated species. Two-tailed
unpaired t-tests relative to an mCherry control (N, 13) were performed for high PC
regions of CTR9 from human (N, 9; p, <0.0001), mouse (N, 8; p, <0.0001), chicken
(N, 11; p, <0.0001), frog (N, 8; p, <0.0001), or fish (N, 8; p, <0.0001).
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While four out of four (100%) of the high PC predictions were vali-
dated experimentally, only four out of seven (57%) of the low PC regions
matched expectations and were not partitioned into CFP-LacI-MED1IDR

foci (Fig. 4G–I). Surprisingly, three out of seven were partitioned into CFP-
LacI-MED1IDR foci (Fig. 4J–L), suggesting that the FH-RPA model was
missing some feature of these protein regions that were contributing to
partitioning. There was nothing obvious about the difference in NCPR

profiles (Fig. 4G, J), which prompted us to examine potential non-
electrostatic interactions for these 3 outliers.

FH-RPAmodel can be improved by including non-electrostatic
effects
We examined possible reasons why our currently implemented FH-RPA
model predicted low PCs for regions of CDCA7L, ADNP, and ST18 that
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were shown experimentally to partition significantly into CFP-LacI-
MED1IDR foci (Fig. 4J–L). One limitation of our current FH-RPA model
is that it does not account for non-electrostatic IDR-MED1IDR interactions.
We foundoneprominent difference in aminoacid compositionbetween the
IDRs that are correctly predicted to have low PC (ATF7IP, BDP1, ZNF638,
LRRHIP1) and the aforementioned three IDRs that are incorrectly pre-
dicted to have low PC: number of aromatic residues (F, Y, W). While the
IDRs that are correctly predicted to have low PCs have at most 4 aromatic
residues (ATF7IP: 4, BDP1: 1, ZNF638: 4, LRRHIP1: 2), the IDRs that are
predicted to have low PCs but in fact have high or moderate experimental
PCs have significantlymore (≥10) aromatic residues (CDCA7L: 13, ADNP:
10, ST18: 10, NELFE: 10). Since MED1IDR has a large number of cationic
residues (75 K, 18 R),multivalent cation-πMED1IDR-IDR interactions could
be playing a role45. It follows that a likely explanation for the inability of the
current FH-RPA model to correctly predict the moderate to high experi-
mental PCs ofCDCA7L, ADNP, ST18 (and to amuch lesser extentNELFE)
is the model’s lack of consideration of non-electrostatic, and especially π-
related interactions.

Aiming to explore whether incorporating π-related interactions can
improve the accuracy of PC prediction in general, we apply the sliding-
sequence protocol in Fig. 1B, D, but now we compare the Boltzmann-
averaged energies computed with only electrostatic (screened Coulomb)
interactions against those computed with both electrostatic and non-
electrostatic interactions. Several pairwise amino acid interaction schemes
were developed recently to model IDR conformations and phase
separations46–49. Here, we adopt, as an example, the Mpipi potential48

because it has provenuseful in accounting forπ-related IDR interactions24,48.
Because the non-electrostatic interactions are spatially short range, we use
an inter-chain distance of 2b (which is smaller than those used in Fig. 1C,D)
to ensure that these interactions are accounted for properly in the sliding-
sequence analysis. The resulting changes in Boltzmann-averaged energies
for the 16 IDR sequences studied in Fig. 4 are shown in Fig. 4M. Assuringly,

the IDRs predicted by FH-RPA to have high PCs (pink-shaded) have lower
(more favorable) electrostatics-only Boltzmann-averaged energies (left
vertical scale), as a group, than IDRs predicted by FH-RPA to have low PCs
(blue-shaded), indicating that FH-RPA and the sliding-sequence protocol
consistently capture the electrostatic effects on IDR partitioning into
MED1IDR. When non-electrostatic effects are included, the Boltzmann-
averaged energies are shifted (right vertical scale). The IDRs with high
predicted PCs remain favorable (black and dark-gray bars in pink back-
ground), underscoring the robustness of the FH-RPA predictions for this
group of sequences. The IDRs with correctly predicted low PCs remain
similarly unfavorable or become even less favorable (black bars in blue
background shifting to higher or only very slightly lower Boltzmann-
averaged energies represented by the dark-gray bars), indicating that the
FH-RPA predictions for this group of sequences are also robust. Interest-
ingly, the group of sequences incorrectly predicted by FH-RPA to have low
PCs (but in fact have moderate to high experimental PCs) all becomemore
favorable (red and green bars shifting to lower Boltzmann-averaged ener-
gies), though not sufficiently favorable to match the favorability of those
sequences correctly predicted by FH-RPA to have high PCs. Nonetheless,
this exercise demonstrates that the incorporation of non-electrostatic effects
can improve the accuracy of PCprediction. Apossible first step in the future
development of such an improved prediction scheme is to employ a mean-
field approximation of non-electrostatic interactions24. Although such an
approach does not account for the sequence pattern of uncharged residues,
it may still offer advantages because of its account of hydrophobic and
aromatic amino acid compositions (see Supplementary Note 8 for addi-
tional information).

To test this prediction from the FH-RPA + Mpipi correction, we
mutated the aromatic residues in the experimental high-PC CDCA7L,
ADNP, and ST18 IDR sequences to alanine. In Fig. 4M, these aromatic to
alanine mutant sequences are marked by an asterisk and their Boltzmann-
averaged energies are represented bymagenta bars, all of which remain high

Fig. 4 | FH-RPA model successfully predicts low-PC and high-PC IDR windows
from a large library of sequences. A Workflow to generate a candidate set of 200
amino acid windows of IDRs from proteins involved in the same biological process
(transcription) with comparable charge but either high or low predicted PC values.
B Key parameters of the candidate set of 200 amino acid windows with predicted
high PC values selected for subsequent experiments. Protein name and UniProt IDs
and the amino acid boundaries (window) that define the region are provided. For a
given region, % acidic and basic amino acids and isoelectric point (pI), as well as FH-
RPA-derived PC values (PC) are provided. C Same as (B), but for the predicted low
PC values. D Representation (as in Fig. 2G) of the charge patterning and NCPR
profile of 200 amino acid windows with predicted high PC. E Representative images
of mCherry-tagged predicted high PC windows of the indicated protein co-
transfected withCFP-LacI-MED1IDR in the Lac array cell line. The top row shows the
mCherryfluorescence signal, and the bottom row shows theCFPfluorescence signal.
White box designates the Lac array focus using the CFP channel. Inset in the top
right corner of panels represents zoom in at CFP-LacI-MED1IDR focus. The dashed
white line designates the cell nucleus. Scale, 5 μm. F Box plot (min–max) of the
partitioning as defined by the ratio of mCherry fluorescence signal inside/outside of
CFP-LacI-MED1IDR foci for the indicated 200 amino acid window and an mCherry
only control. Individual data points are plotted on top of the box plot. The dashed
horizontal line indicates the median of the control. p-values represent the t-test
relative to the control. Two-tailed unpaired t-tests relative to anmCherry control (N,
9) were performed for 200 amino acid windows predicted to have high PC from
SPT6 (N, 21; p, <0.0001), KAT6B (N, 6; p, <0.0001), ATAD2 (N, 13; p, 0.0181),MYT1
(N, 9; p, 0.0032), or RSF1 (N, 8; p, 0.0001).GRepresentation of the charge patterning
andNCPR profile of 200 amino acid windows with predicted low PC.H Same as (E),
but for predicted low PC windows of indicated proteins. I Same as (F), but for
predicted low PCwindows of indicated proteins. Two-tailed unpaired t-tests relative
to anmCherry control (N, 9) were performed for 200 amino acid windows predicted
to have lowPC fromATF7IP (N, 11; p, 0.0083), BDP1 (N, 7; p, 0.0022), ZNF638 (N, 7;
p, 0.0094), LRRFIP1 (N, 6; p, 0.2403),NEFLE (N, 8; p, 0.9475). JRepresentation of the
charge patterning and NCPR profile of 200 amino acid windows with predicted low
PC but which show anomalous partitioning into CFP-LacI-MED1IDR foci.K Same as

(E), but for predicted low PC windows which show anomalous partitioning. L Same
as (F), but for predicted low PCwindows which show anomalous partitioning. Two-
tailed unpaired t-tests relative to an mCherry control (N, 9) were performed for 200
amino acid windows from CDCA7L (N, 5; p, 0.0003), ADNP (N, 13; p, 0.0345), or
ST18 (N, 5; p, 0.0026). M Incorporation of non-electrostatic effects improves PC
prediction. Sliding-sequence analysis is applied to IDRs with various RPA-predicted
PCs (color-coded). An intuitively chosen horizontal dashed line separates high
(pink) and low (blue) predicted PCs. Boltzmann-weighted energies are averaged
over both parallel and antiparallel alignments of sequence pairs (Fig. 1B).
Boltzmann-averaged energies computed using only screened Coulomb potentials as
in Fig. 1D (solid bars, left vertical scale) are compared to those computed using the
Mpipi potentials48 (shaded bars, right vertical scale). Arrows indicate changes from
screened Coulomb to Mpipi energies. Energies of IDRs with correctly predicted PC
trends are shown in black, the 3 IDRs (in curly brackets) that were incorrectly
predicted are in red, the one marginal case is in green, and the 3 aromatic to alanine
mutants in (N, O) are in magenta. N Representative images of mCherry-tagged
predicted low PC windows with aromatic residues substituted for alanine (aro to A
mutants) co-transfected with CFP-LacI-MED1IDR in the Lac array cell line. Compare
results to the data for the wildtype (WT) sequence presented in (K). The top row
shows the mCherry fluorescence signal, and the bottom row shows the CFP fluor-
escence signal.White box designates the Lac array focus using theCFP channel. Inset
in the top right corner of panels represents zoom in at CFP-LacI-MED1IDR focus. The
dashed white line designates the cell nucleus. Scale, 5 μm.O Box plot (min–max) of
the partitioning as defined by the ratio ofmCherry fluorescence signal inside/outside
of CFP-LacI-MED1IDR foci for the indicated 200 amino acid windows, the aromatic
to alaninemutant (aro toA) and anmCherry only control. Individual data points are
plotted on top of the box plot. The dashed horizontal line indicates themedian of the
control. p-values represent one-way ANOVA with multiple comparisons tests vs.
control. Ordinary one-way ANOVA with Dunnett’s multiple comparisons test to a
“no IDR” mCherry control (N, 9) was performed for WT and aromatic to alanine
substitutionmutants (aro-to-A) forCDCA7L (WT:N, 5; p, <0.0001 and aro-to-A:N,
7; p, 0.1633), ADNP (WT: N, 13, p, 0.0499 and aro-to-A: N, 8; p, 0.9989), and ST18
(WT: N, 5; p, 0.0018 and aro-to-A: N, 16; p, 0.7019).
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or become even slightly higher when non-electrostatic effects are included,
indicating that partitioning is disfavored. Consistently, in Lac array cells, all
three of the anomalous regions with aromatic to alanine substitutions had
reducedpartitioning intoCFP-LacI-MED1IDR foci compared to thewildtype
sequence (Fig. 4N, O). Quantification focused on mCherry enrichment at
CFP-LacI-MED1IDR foci showed that while the WT regions had significant
enrichment relative to the mCherry-alone control, the aromatic to alanine
substitutions reduced partitioning to levels comparable to or indis-
tinguishable from the mCherry-alone control.

Taken together, these results demonstrate that multivalent contacts
among disordered regions are a major contributor to the selective parti-
tioning observed for condensates composed of the MED1IDR. The FH-RPA
model allowed for calculating predicted PC values for large libraries of
sequences. The predictions had striking qualitative agreement with pre-
viously published experimental results and predictions of the model were
experimentally validated.

Discussion
Partitioning of client molecules into biomolecular condensates is a general
biophysical process for achieving microenvironments with regulated
molecular compositions for biological functions50. For instance, earlier
studies investigated the partitioning of small-molecule cancer therapeutics
into nuclear condensates51 and highlighted partitioning of amphiphilic
proteins as one of the means to assembling multilayered condensates52.
Recent experimental53 as well as theoretical and computational53–56 inves-
tigations offered further physical insights into the partitioning of small
molecules into biomolecular condensates. These include the differential
roles of hydrophobic and polar interactions53,55, utilization of simulated
partitioning data to infer the general driving force for condensate
assembly56, and the elucidation of a fundamental opposing effect against
partitioning arising from the conformational entropy of the disordered
protein scaffold54.

The present study focuses primarily on clients that are themselves
disordered proteins. Disordered regions of proteins that serve as scaffolds
of biomolecular condensates can promote the formation of biomolecular
condensates that partition not only small molecules but also specific sets
of proteins10,12–14,31,32,57–60, yet the mechanism underlying this specificity
has been challenging to investigate. We recently demonstrated that the
pattern of charged amino acids on IDRs was responsible for selective
partitioning into condensates composed of MED1IDR, but we were unable
to identify the mechanism of this specificity. Here, we demonstrate that
the selective partitioning of intrinsically disordered regions (IDRs) into
MED1IDR condensates can be largely explained by multivalent electro-
static interactions. Using a polymer physics-based approach, we devel-
oped the FH-RPA model, which integrates Flory-Huggins mean-field
theory with a random phase approximation term to predict IDR parti-
tioning based on sequence charge patterning. Our model successfully
rationalized and predicted partitioning behaviors observed in previous
experimental data and made predictions that were subsequently vali-
dated by experiments. By systematically scanning protein sequences, we
identified novel high-partitioning IDRs and experimentally confirmed
their behavior, highlighting the utility of this model in identifying regions
responsible for partitioning. While our approach accurately predicted
partitioning for most sequences, discrepancies for certain IDRs with
significant aromatic content revealed the need to incorporate non-
electrostatic interactions, such as cation-π interactions, to fully account
for partitioning behavior. These results suggest that biomolecular con-
densate composition can, at least in part, be governed by statistical
properties of disordered sequences.

Here we present a theoretical effort focused largely on electrostatics,
which plays important roles in the assembly22,61 andmaterial properties62 of
biomolecular condensates, and manifested also in salt-dependent phase
separation of oligomeric peptides63 and biological IDRs64–66, as well as the
significant impact of sequence charge pattern on the condensation of bio-
logical IDRs61,67 and the complex coacervation of multiple species of

synthetic charged polymers68,69. Another exciting aspect of electrostatic
contributions to condensate composition is the potential for regulation by
post-translational modifications (PTMs). For example, multi-site phos-
phorylationhas thepotential todramatically change the chargeproperties of
disordered proteins. Indeed, the hyper-phosphorylation of the disordered
C-terminal domain of RNA Polymerase II has been shown to change its
partitioning behavior57,58. Future efforts to investigate whether PTMs reg-
ulate the partitioning of IDRs more generally will be an exciting future
direction.

Taking a broader view, it should be noted that in the present
implementation of our methodology, the empirical parameters of the
model are determined by fitting only experimental data on (client) IDRs
partitioning into MED1IDR condensates. As such, the present imple-
mentation is not expected to address IDR partitioning into condensates
scaffolded by other disordered proteins. Intuitively, how the partitioning
of a given client IDR into a MED1IDR condensate is related to the IDR’s
partitioning into a condensate scaffolded by another disordered protein
will depend on the nature of the other scaffold. For example, one may
expect the degrees of client IDR partitioning will be similar if the
sequence of the other scaffolding protein entails similar electrostatic
interactions as those of MED1IDR, but the degrees of partitioning can be
quite different if the interactions engaged by the other scaffolding protein
are dominated by hydrophobic effects. The manner in which the present
PC prediction method can be generalized to apply across condensates
with different scaffolds remains to be investigated.

These limitations aside, our studies alreadyhighlight how the predicted
PC values for MED1IDR-scaffolded condensates are conserved across dif-
ferent species, even when there is a reduction of positional sequence con-
servation. These observations add to the growing recognition of the
evolutionary conservation of overall IDR properties such as charge, aro-
matic and hydrophobic contents, sequence motifs and repeats, and other
molecular features that are sometimes not readily discernible by inspecting
the primary amino acid sequences alone because sequence alignments often
reveal little similarity; but these molecular features can be predictive of
biological function40,41,43,44. For instance, conservation of function of
sequentially highly diverged IDRs across species has been observed to be
underpinned by conservation of simple electrostatic properties in the
adaptor protein Ste5070 or binding affinities with a particular target in the
case of p53TAD/MDM271 without conservation of the primary amino acid
sequence. The experimental observations in Fig. 3H-M verify that the
predicted high-PC windows for CTR9 and SPT6 indeed partition well into
MED1 for IDRs from all five animal species we tested. Further efforts to
investigate the co-evolution of IDR pairs may reveal additional features
responsible for specificity.

The results described here demonstrate that multivalent contacts
among disordered regions are capable of providing a physical account to
explain the selective partitioning observed for condensates composed of
the MED1IDR. Complementary to recent advances in applying forcefield
parameters to predict IDR interaction properties72,73, including coarse-
grained explicit-chain simulations of IDR partitioning into MED1-RNA
condensates74, our high-throughput analytical FH-RPA model allowed
for efficient calculation of predicted PC values for large libraries of
sequences. The predictions had striking qualitative agreement with
previously published experimental results, and predictions of the model
were experimentally validated. In conclusion, our findings demonstrate,
in the context of the experiments performed here, that selective parti-
tioning can largely be explained by dynamic multivalent contacts among
disordered regions without considering possible ordered-structure-
mediated interactions.

Methods
A general screened electrostatic potential and the FH-RPA
formulation
In general, the IDR-MED1 interaction energy Uij (where the label i stands
for the IDR in question and the label j stands for MED1) takes the usual
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screened Coulomb form,

Uij RðiÞ� �
; RðjÞ� �� � ¼ 1

4πϵ0ϵr

XnðiÞp
μ¼1

XnðjÞp
ν¼1

XNi

α¼1

XNj

β¼1

σðiÞα σðjÞβ

RðiÞ
μ;α � RðjÞ

ν;β

���
���

× exp �κ RðiÞ
μ;α � RðjÞ

ν;β

���
���

� �
;

ð6Þ

where ϵ0 and ϵr are, respectively, vacuum and relative permittivity, nðiÞp and
nðjÞp are, respectively, the numbers of chains of type i and type j in the system
(chains labeledbyμ, ν),Ni andNj are thenumbers of residues in sequenceof
types i and j (residue positions labeled by α, β), σðiÞα , σ

ðjÞ
β are, respectively, the

charges at sequencepositionsα,β for sequence types i, j,RðiÞ
μ;α andR

ðjÞ
ν;β are the

vectors for the spatial positions of (i, μ,α)- and (j, ν, β)-labeled residues, and,
as already defined, κ is the inverse Debye screening length.

Calculation of thermodynamic averages requires theoretically con-
sidering all possible chain configurations or conducting sufficient sampling
thereof computationally. The intuitive “sliding-sequence” analysis (Fig. 1)
surmises that the limited set of configurations considered by sliding the IDR
sequence over the MED1 sequence is representative of the full IDR-MED1
interaction, such that it can provide semi-quantitative physical insights
despite restricting to a particular RðiÞ� �

; RðjÞ� �
instead of covering all

configurational possibilities rigorously. The results in Fig. 1C, D were
obtained using Bjerrum length lB ¼ e2=4πϵ0ϵrkBT ¼ 7 Å, where e is
the elementary (protonic) charge, ϵr � 80 for bulkwater (atT ≈ 300 K), and
κ-1 = 10 Å corresponding to [NaCl] ≈ 100mM.

In the present FH-RPA formulation, we consider only electrostatic
contributions to χij (as indicated by the “e” subscript), viz.,

χij ! χe
� �

ij � χð0Þe

� �
ij þ χð1Þe

� �
ij ð7Þ

is composed of a zeroth order term

χð0Þe

� �
ij ¼ � 2πlBρ0

κ2
σðiÞσðjÞ ð8Þ

that depends only on the IDR and MED1 net charges σðiÞ and σðjÞ, where
σðiÞ ¼ PNi

α¼1σ
ðiÞ
α is the net charge of sequence type i (e.g., the net charges for

MED1,NELFE, and SPT6 are+43,−2, and−62, and their chain lengthsNi
or Nj are 626, 242, and 201, respectively). The first-order term χð1Þe

� �
ij is

given by Eq.2 in terms of

giðkÞ ¼
Γ̂ kð Þ2
Ni

XNi

α¼1

XNi

β¼1

σðiÞα σ
ðiÞ
β exp � α� β

�� ��k2b2=6� �
ð9Þ

where k is a reciprocal space (Fourier-transformed) coordinate variable,with

small k associating with σðiÞα σðiÞβ charge pairings with both large and small

sequence separations (jα� βjs) and large k associating with charge pairings
with only small sequence separations, and Γ̂ðkÞ ¼ exp � a2k2

2

� �
is aGaussian

smearing function (see Supplementary Methods for details). Software for
computing χij is publicly available from a GitHub webpage provided below.

For the NELFE and SPT6 examples in Fig. 2D and Fig. 2E, F, the
theory-predicted PCs are overwhelmingly contributed by the first-order
sequence charge pattern term, with χð0Þe

� �
ij= χð1Þe

� �
ij �10-5 for NELFE and ≈

10-4 for SPT6. An illustration of how the RPA term χð1Þe

� �
ij as defined above

is affected by the IDR’s sequence charge pattern through the quantity giðkÞ
in our formulation is provided in Fig. 2D–F for the NELFE and SPT6
examples.

Calculating PC profiles
PC profiles are computed using 200-residue windows in the present study.
For a given sequence, we determine PCðtheoryÞ

i (Eq.1) for successive sequence

windows comprising 200 residues. A PC profile is a collection of such
PCðtheoryÞ

i values, wherein the PCðtheoryÞ
i value of each 200-residue sequence

window is plotted at the position of the 101st residue of the sequence
windows (Fig. 3A).

Identifying high-PC regions
In the present study, we identify a high-PC regionwithin a sequence by first
locating the position of a 200-residue windowwith themaximumPCðtheoryÞ

i
for the entire sequence. A high-PC region is a collection of consecutive 200-
residue windows with PCðtheoryÞ

i values of at least 90% of the max-
imum PCðtheoryÞ

i (Fig. 3A).

PC profile similarity score
Let PCðtheoryÞ

i;s denote the theory-predicted partition coefficient (PC) of
window s (Eq.1) of sequence i (consisting of a segment of residues s; sþ
1; . . . ; sþM � 1 where M is the sequence window size). We then define
xðiÞs ¼ PCðtheoryÞ

i;s � 1 and xði
0Þ

s ¼ PCðtheoryÞ
i0;s � 1 for two sequences of equal

lengthsNi ¼ Ni0 � N . A similarity score between their PC profiles may be
constructed as

Si;i0 ¼ 1�
PN�Mþ1

s¼1 xðiÞs � xði
0Þ

s

�� ��
PN�Mþ1

s¼1 xðiÞs
���

���þ xði
0 Þ

s

���
��� : ð10Þ

This similarity score is constructed such that Si;i0 ¼ 1 for two
identical PC profiles, whereas any sequence i has similarity Si;i0 ¼ 0
against the trivial profile PCðtheoryÞ

i0;s ¼ 1 for all s. For sequences of
different lengths, Ni >Ni0 , we define the similarity score Si;i0 as the
maximum Si;i0 between i0 and all sub-sequences of i with length Ni0 ,
and vice versa if Ni <Ni0 . %PC similarity scores plotted in Fig. 3E, G is
equal to 100 times Si;i0 .

Cell culture
All cells were grown, as previously described12, in full DMEM (Fisher Sci-
entific 11995073) supplemented with 10% FBS, penicillin-streptomycin
(Thermo Fisher 15140122) and GlutaMAX (Fisher Scientific 35050061) at
37 °C with 5% CO2 in a humidified sterile incubator.

Processing coverslips of co-transfected cells
Aspreviously described12, cellswere seededon coverslips (VWR48366-067)
in a 6-well plate and allowed to adhere overnight. Transfections using
Lipofectamine™ 3000 Transfection Reagent with designated plasmids were
incubated overnight. After cells were transfected and allowed to recover,
cells were fixed in 4% paraformaldehyde (VWR BT140770) in PBS for
10min at room temperature (RT) in the dark (plate wrapped with foil).
After threewashes inPBS for 10min, sampleswerepermeabilizedwith 0.5%
Triton X-100 (Sigma T9284) in PBS for 10min at RT. Then, cells were
incubated with 1:5000 Hoechst 33342 (Thermo Fisher, 62249) in Milli-Q
water at RT in the dark (5min). After washing once more with water,
coverslips were mounted on slides (VWR 10144-820) with Vectashield
(VWR101098-042). Coverslips were sealed with nail polish (VWR100491-
940) and stored at 4 °C.

Microscopy
Images were acquired, as previously described12, using a Hamamatsu
ORCA-Fusion C14440 digital camera and a CSU-W1 Yokogawa Spinning
Disk Field Scanning Confocal System, and a 60x Plan Apo Lambda Oil
Immersion objective (NA, 1.40). The thickness of Z-slices was 0.2 µm.
Exposure time and laser intensity were the same for samples imaged in
parallel. Laser lines used: 405 nm, 488 nm, 561 nm, and 640 nm.

Microscopy analysis
mCherry partitioning was calculated, as previously described12, by mea-
suring the integrated fluorescence at the Lac array locus core as defined by a
fluorophore fused to LacI (highest intensity range on the Z-slice) and at a
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proximal spot in thenucleus (background)usingFIJI 2Dmeasurement tools
and ROI tools. The same ROI area was used to measure the fluorescence at
both background and focus. The quotient of these values (arbitrary units)
was calculatedas the raw intensity at the locus dividedby the raw intensity in
the surrounding background.

NCPR profile plots
Representation of the positions of positive and negative charges along a
protein sequence, overlaid with net charge per residue (NCPR) profile,
provides a quick summary of the charge patterning found in a protein
region. The positions of acidic or basic amino acids are indicated by vertical
red or blue lines, respectively. The horizontal black curve represents the
NCPRprofile using a 10 amino acid slidingwindow, wherein the net charge
of successive 10-residue windows is plotted (10 times the net charge per
residue). Consequently, eachNCPRprofile has a possiblemax of+10 and a
possible min of -10 centered at 0 charge. x-axis is the length of the protein
and y-axis is the charge index.

Statistics
GraphPad Software was used for statistical analysis. GraphPad notation for
p-values was used in figure panels: (ns p > 0.05, *p ≤ 0.05, **p ≤ 0.01,
***p ≤ 0.001, ****p ≤ 0.0001). For Fig. 2H, J, data were compiled from
various experiments previously published10 to compare qualitative trends to
the model’s predictions. For Fig. 2H, ordinary one-way ANOVA with
Dunnet’s multiple comparisons test to a “no IDR”mCherry control (N, 11)
was performed for WT SPT6IDR (N, 10; p, <0.0001), full scramble (N, 10; p,
0.6742), charge scramble (N, 10; p, >0.9999), and three independent non-
charge scrambles (eachwithN, 10;p, <0.0001). For Fig. 2J, ordinary one-way
ANOVAwith Dunnett’s multiple comparisons test to a “no IDR”mCherry
control (N, 11) was performed for WT NELFEIDR (N,10; p, 0.8805) and
blocky (N, 10; p, <0.0001). For Fig. 3J, two-tailed unpaired t-tests relative to
an mCherry control (N, 13) were performed for high PC regions of SPT6
from human (N, 12; p, <0.0001), mouse (N, 6; p, <0.0001), chicken (N, 8; p,
<0.0001), frog (N, 8; p, 0.0003), or fish (N, 10; p, <0.0001). For Fig. 3M, two-
tailed unpaired t-tests relative to an mCherry control (N, 13) were per-
formed for high PC regions of CTR9 from human (N, 9; p, <0.0001), mouse
(N, 8; p, <0.0001), chicken (N, 11; p, <0.0001), frog (N, 8; p, <0.0001), or fish
(N, 8; p, <0.0001). For Fig. 4F, two-tailed unpaired t-tests relative to an
mCherry control (N, 9) were performed for 200 amino acid windows pre-
dicted to have high PC from SPT6 (N, 21; p, <0.0001), KAT6B (N, 6; p,
<0.0001), ATAD2 (N, 13; p, 0.0181), MYT1 (N, 9; p, 0.0032), or RSF1 (N, 8;
p, 0.0001). For Fig. 4I, L, two-tailed unpaired t-tests relative to an mCherry
control (N, 9) were performed for 200 amino acid windows predicted to
have low PC from ATF7IP (N, 11; p, 0.0083), BDP1 (N, 7; p, 0.0022),
ZNF638 (N, 7;p, 0.0094), LRRFIP1 (N, 6;p, 0.2403),NEFLE (N, 8;p, 0.9475),
CDCA7L (N, 5; p, 0.0003), ADNP (N, 13; p, 0.0345), or ST18 (N, 5; p,
0.0026). For Fig. 4O, ordinary one-way ANOVA with Dunnett’s multiple
comparisons test to a “no IDR”mCherry control (N, 9) was performed for
WT and aromatic to alanine substitution mutants (aro-to-A) for CDCA7L
(WT: N, 5; p, <0.0001 and aro-to-A: N, 7; p, 0.1633), ADNP (WT: N, 13, p,
0.0499 and aro-to-A:N, 8;p, 0.9989), and ST18 (WT:N, 5;p, 0.0018 and aro-
to-A: N, 16; p, 0.7019).

Software availability
The effective Flory-Huggins parameter χij in our FH-RPA formulation
[Eq.1]were computedusingour in-house,publicly available codeEPIC-IDP
(Effective Protein Interaction Calculator for Intrinsically Disordered Pro-
teins) as aGitHubPythonpackage at github.com/jwessen/Epic-IDP.Abrief
outline of the features in the package is also provided by Supplementary
Note 8 in Supplementary Methods.

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

Data availability
The data supporting the findings of this study are available within the paper
and its Supplementary Information. Should any raw data files be needed in
another format they are available from the corresponding authors upon
reasonable request.
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