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Protein codes promote selective
subcellular compartmentalization
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Susana Wilson-Hawken1,6, Tong Ihn Lee1, Regina Barzilay2,3*, Richard A. Young1,4*

Cells have evolved mechanisms to distribute ~10 billion protein molecules to subcellular compartments

where diverse proteins involved in shared functions must assemble. In this study, we demonstrate that

proteins with shared functions share amino acid sequence codes that guide them to compartment

destinations. We developed a protein language model, ProtGPS, that predicts with high performance the

compartment localization of human proteins excluded from the training set. ProtGPS successfully guided

generation of novel protein sequences that selectively assemble in the nucleolus. ProtGPS identified

pathological mutations that change this code and lead to altered subcellular localization of proteins.

Our results indicate that protein sequences contain not only a folding code but also a previously

unrecognized code governing their distribution to diverse subcellular compartments.

G
roups of proteins involved in shared func-

tions must assemble to fulfill their phys-

iological functions (1). For example, the

fidelity of gene transcription hinges on

the assembly of more than a hundred

different proteins at regulatory elements (2, 3).

Selective protein-protein and protein–nucleic

acid interactions are thought to be the predo-

minant driving force leading to the assembly

of specific proteins at locations where they carry

out diverse functions (4–7). Shape complemen-

tarity among structurally stable portions of pro-

teins has dominatedmodels of protein assembly,

but there is now considerable evidence that large

assemblies of proteins with shared functions also

occur through weak multivalent noncovalent

interactions (8–15). Nearly all cellular functions

involve formation of such assemblies, which

have beendescribed as condensates, aggregates,

puncta, hubs, and nonmembrane-bound com-

partments (Fig. 1A). In a recent study, we used

small chemical probes to demonstrate that dif-

ferent condensates can harbor distinct internal

chemical environments, suggesting that such

assemblies have different solvent properties (16).

It is thus possible that protein molecules that

assemble selectively with others in a conden-

sate do so, in part, as a consequence of their com-

patibility with the internal solvating environment

of that compartment (17–20). Integration of

contributions from specific interactions (e.g.,

DNA-protein binding, protein-protein interac-

tions) and nonspecific interactions (e.g., tran-

sient noncovalent interactions) is challenging

to model, but protein language models pro-

vide a means to incorporate diverse contribu-

tions. If such a protein language model could

be developed, it would have important impli-

cations for our understanding of cellular func-

tion and dysfunction by providing evidence of

a protein code distributed throughout amino

acid sequences that can guide selective distri-

bution to subcellular compartments.

Evidence for shared protein codes

in condensate compartments

To learn whether collections of proteins that as-

semble into specific condensate compartments

have shared protein codes, we adapted an evo-

lutionary scale protein transformer language

model (ESM2) to predict protein assembly into

distinct compartments (21, 22). The transformer

architecture of ESM2 allows for simultaneous

relationships between all amino acids in an

input sequence to be learned, providing a gen-

eral strategy to detect protein codes embedded

in the amino acid sequence of a protein. We

focused our studies on a set of 5480 human

protein sequences that have been annotated for

12 condensate compartments using the UniProt

(Universal ProteinResource) (23) and CD-CODE

(Crowdsourcing Condensate Database and En-

cyclopedia) (24) databases (Fig. 1B). The com-

partment identities of the proteins in these

databases were determined with various ex-

perimental techniques and curated by experts

in compartment annotation. Compartment-

annotated whole-protein sequences were used

as input. A neural network classifier was jointly

trained with ESM2 to develop a model, termed

ProtGPS, which computes the independent

probability of a protein being foundwithin each

of the 12 different condensate compartments

(Fig. 1C). The area under the receiver operator

curve (AUC-ROC) showed that protein com-

partments could be predictedwith remarkable

accuracy (0.83 to 0.95) across the 12 different

compartments (Fig. 1D). The performance of

the ProtGPS model indicates that it detects pat-

terns in the protein sequence that differentiate

these condensate compartments.

We attempted to identify features that might

contribute to selective compartmentalization, al-

though extraction of the nonlinear patterns or

principles learned by a machine learning clas-

sifier is a well-known challenge (25), owing in

part to neural network architecture, to the

complexity of pattern information, and to the

lack of “language” to describe learned patterns

outside of conventional physicochemical prop-

erties. The types of sequence features that en-

able transit across intracellular membranes

were not immediately evident in the sets of pro-

teins that that are found together in these com-

partments (fig. S1). We did observe that proteins

in some compartments shared physicochemical

properties such as isoelectronic point (pI) and

hydrophobicity (fig. S2 and table S1). We also

note that the high performance of the protein

language model depended on information

learned from inclusion of multiple members of

protein families and that when these families

were not fully represented in the training set,

the performancewas only somewhat better than

a random forest or linear regressionmodel (fig.

S2 and table S1). This suggests to us that in-

clusion of multiple protein family members is

informative in optimizing protein language

model performance, although inclusion of

this information presents some risk of over-

fitting. Certain amino acids were more informa-

tive to differentiate proteins found in separate

compartments (fig. S3). We found little evi-

dence to suggest that a protein distribution

code can be represented with a small number

of components (fig. S4). We anticipate that

advances in machine learning and chemical

pattern description will enable additional in-

sights into the features learned by ProtGPS

that enable its level of performance.

Guided generation of novel protein sequences

for compartment selectivity

To further validate that ProtGPS has learned

protein codes associated with condensate lo-

calization, we sought to design novel protein

sequences that, when produced in cells, would

selectively assemble into a compartment of in-

terest. To test this idea, we initially designed pro-

tein sequences using an autoregressive greedy

search (GS) algorithm (26) and generated eight

novel proteins designed to assemble selectively

into nucleoli (table S2). However, these pro-

teins failed to assemble selectively into nucleoli

(fig. S5). The failure of our initial efforts to gen-

erate proteins that selectively compartmental-

ize in nucleoli motivated the design of another

approach that might be more successful. With

GS and ProtGPS, protein sequences are gen-

erated without consideration of the chemical

RESEARCH

1Whitehead Institute for Biomedical Research, Cambridge,
MA, USA. 2Computer Science and Artificial Intelligence
Laboratory, Massachusetts Institute of Technology (MIT),
Cambridge, MA, USA. 3Abdul Latif Jameel Clinic for Machine
Learning in Health, MIT, Cambridge, MA, USA. 4Department
of Biology, MIT, Cambridge, MA, USA. 5Department of
Pathology, Brigham and Women’s Hospital, Harvard Medical
School, Boston, MA, USA. 6Computational and Systems
Biology Program, MIT, Cambridge, MA, USA.
*Corresponding author. Email: hkilgore@wi.mit.edu (H.R.K.);

regina@csail.mit.edu (R.B.); young@wi.mit.edu (R.A.Y.)

†These authors contributed equally to this work.

Kilgore et al., Science 387, 1095–1101 (2025) 7 March 2025 1 of 7

D
o
w

n
lo

ad
ed

 fro
m

 h
ttp

s://w
w

w
.scien

ce.o
rg

 at M
assach

u
setts In

stitu
te o

f T
ech

n
o
lo

g
y
 o

n
 F

eb
ru

ary
 2

7
, 2

0
2
6



space of proteins found in nature. We sought

to create an approach that could overcome this

limitation by applying a concept borrowed from

medicinal chemistry, in which it is common to

consider whether a molecule shares desirable

physicochemical properties with others (27, 28),

namely, sampling froma protein chemical space

with specific properties. To apply these concepts

toward protein generation, we sought to con-

strain generation to (i) sequences in the chem-

ical space (29) learned by ESM2; (ii) sequences

that are intrinsically disordered (30), because

these are less likely to introduce competing

folded states and are associated with conden-

sates (31, 32); and (iii) sequences that should

localize to the intended compartment. In prac-

tice, this approach integrates the starting pro-

tein sequence (mCherry) and its properties into

the search for new peptide sequences that are

natural, disordered, and have a compartment

classification of 0.95 or greater for the target

compartment. Thus,weused additional features

of protein chemical space and intrinsic disorder

for our Markov chain Monte Carlo (MCMC) al-

gorithm (Fig. 2A).

We then used the MCMC algorithm to per-

form guided generation of proteins that would

selectively assemble into a condensate com-

partment when appended tomCherry protein,

which would allow us to follow protein distribu-

tion. The chemical properties of mCherry were

therefore necessarily integrated into the result-

ing newly generated protein, which would then

allow us to compare partitioning of the new

protein with mCherry alone. We first generated

proteins that were designed to selectively par-

tition into nucleoli (9), which were selected be-

cause they are large, well-studied bodies with

distinctive morphologies and possess unam-

biguous marker proteins (Fig. 2A). Ten 100

amino acid–long protein sequences targeted to

nucleoli were generated (Fig. 2A, figs. S6 and S7,

and tables S3 and S4). For each protein, a plas-

mid was constructed that encoded the gener-

ated protein attached to an N-terminal nuclear

localization sequence and a C-terminalmCherry

protein. Each of the proteins was expressed in

human cells together with the nucleolusmarker

NPM1-meGFP, and cells expressing both a test

protein (mCherry) and the condensate marker

(meGFP) were isolated by using flow cytometry.

Imaging of cells revealed that four of 10 pro-

teins designed to assemble into nucleoli (NUC1

to 10) showed readily visible enrichment in
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Fig. 1. ProtGPS classifies protein compartment with high performance.

(A) Graphical depiction of some cellular compartments found in eukaryotic

cells; compartments labeled in boldface were studied in this work. OPT

domain, Oct1/PTF/transcription domain; P-body, processing body; PcG

body, polycomb group body; PCM, pericentriolar material; PML body;

promyelocytic leukemia body; U-body, uridine-rich small nuclear

ribonucleoprotein–containing body. (B) Bar graph showing the number of

protein sequences gathered from UniProt and the CD-CODE database used in

the development of ProtGPS. (C) Schematic showing the approach toward

developing ProtGPS. (D) Bar graph showing the area under the receiver-operator

curve (AUC-ROC) for classification of withheld test data (15% of total)

with ProtGPS.
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Fig. 2. Generative modeling creates novel proteins that concentrate in a

desired condensate. (A) Schematic showing the use of Markov chain Monte Carlo

to generate proteins and assay them in live cells (MCMC) (more details provided in

supplementary materials). (B) Live-cell image of a colon cancer cell (HCT-116)

tagged at the endogenous NPM1 locus with meGFP and expressing a nucleolus

targeted protein NUC1-mCherry. NPM1, nucleophosmin 1; NLS, nuclear localization

signal. Scale bars, 10 mm. (C) Live-cell confocal micrographs of NUCX-mCherry

proteins in HCT-116 cells expressing NPM1-meGFP from the endogenous locus cells.

Scale bars, 10 mm. (D) Dot plots showing the measured partition ratios of NUCX

(Kx = Inucleolus/Inucleoplasm) proteins relative to the NLS-mCherry control protein;

dotted line is the average value of NLS-mCherry protein (tables S5 and S6 and

figs. S8 to S10 provide more information). K, partition ratio; Inucleolus, intensity of light

in the compartment; Inucleoplasm, intensity of light in the nucleoplasm. (E) Live-cell

images and quantification showing the relationship of measured partition ratios

(Kx = Inucleolus/Inucleoplasm) into the nucleolus by proteins on the NUC6-mCherry

trajectory to its computed probability of partitioning.
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nucleolar compartments (NUC1, 2, 5, and 6)

(Fig. 2, B and C, and figs. S8 to S12), and amore

detailed partitioning analysis indicated that

the remaining six NUC proteins exhibited more

mild enrichment compared with the mCherry

control [Fig. 2D; figs. S8 to S12; tables S5 and

S6; and supplementary materials (SM), mate-

rials and methods].

We next tested the ability of the MCMC al-

gorithm to guide generation of proteins that

would partition into nuclear speckles, which

are condensates formed by the mRNA splicing

apparatus. Using the approach described for

the NUC proteins, 10 proteins designed to as-

semble into nuclear speckles (SPL proteins)

were generated and individually expressed in

human cells together with SRSF2-meGFP, a

marker of nuclear speckles. Imaging of cells

revealed that none of the 10 sequences for

SRSF2-asociated nuclear speckles became clear-

ly concentrated in nuclear speckles, but two of

the generated proteins, SPL2 and SPL3, accu-

mulated in cytoplasmic puncta together with

SRSF2-meGFP (figs. S6, S12, and S13; tables S5
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Fig. 3. Pathogenic mutations are predicted to alter protein compartmentalization. (A) Schematic of information flow; pathogenic ClinVar mutants caused by

single-point or truncation mutations were classified with ProtGPS to determine whether the detected protein code was changed in the pathogenic variant. (B) (Left)

Dot plot showing the Shannon entropy change in compartment prediction due to single-point or truncation mutation. (Right) Histogram showing the Wasserstein

distance between the wild-type and mutant protein compartment probabilities. (C) Live-cell images of mESCs ectopically expressing wild-type and truncated

pathogenic variants fused to meGFP; Wasserstein distance is given for each mutant as w. Scale bars, 10 mm.
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and S6; and SM, materials and methods). It

thus appears that SPL2 and SPL3 gained the

ability to associate with the SRSF2 speckle

protein in a cytoplasmic condensate but lost

the ability to migrate into the nucleus, where

speckles normally form. This behavior is analo-

gous to the effect of mutations in the splicing

regulator RBM20, which cause this nuclear

speckle protein to accumulate in cytoplasmic

puncta and concentrate other splicing proteins

(33, 34). These results with NUC and SPL pro-

teins indicate that the MCMC algorithm can

guide generation of proteins that selectively

partition into a target compartment; but the

algorithm was not fully successful in doing

so, suggesting that additional training data

and analytical approaches will be necessary

for improved performance. Sensitivity analysis

conducted on the MCMC generative process

suggested that increased sampling could lead

to improvements in enrichment but also found

that the process was nonlinear and can lead

to reduced performance, as seen for the final

version selected for NUC6 (Fig. 2E and fig. S14).

Generative modeling of new protein sequences

is a challenging task, whose success rate can

vary from <0.01 to ~70% because of the spe-

cific modeling goal, the algorithms used to

generate protein sequences, and the criteria

used to define success or failure (35–38).

Pathogenic mutations can alter protein codes

Mutations can create pathogenic effects by al-

tering a protein’s function or altering a pro-

tein’s subcellular compartmental distribution.

Because ProtGPS can accurately predict the

subcellular compartmentalization of normal

proteins, it might be able to identify patho-

genic mutations that cause a change in the

subcellular location of a mutant protein. To

test this possibility, we turned to the ClinVar

(39) database, a public archive of a vast num-

ber of human variations classified for diseases.

Data were collected for 205,182 mutations, and

ProtGPSwasused topredictwhether the changes

in amino acid sequences alter the subcellular

distribution of the mutant proteins (Fig. 3A).

We used two approaches, first examining how

changes in amino acid sequence affect ProtGPS

predictions and then testing experimentally

whether mutations predicted by ProtGPS to

affect protein distribution can do so.

To characterize the relationship between mu-

tations and changes in ProtGPS predictions, we

used approaches applied in information theory.

ProtGPS is trained on wild-type sequences and

then uses learned patterns to score proteins for

their likelihoodof distributing to compartments.

Mutations affect sequence and can be seen as

a change in the information content of the se-

quence. Any change is thus expected to result

in some change in the scoring of mutant pro-

tein compared with the wild-type. Furthermore,

any changes in scoring are likely to reflect an

increase in uncertainty of the prediction because

mutations effectively remove information that

went into the prediction for the wild-type base-

line. To test this, we computed the change in

Shannon entropy (40, 41)—an information the-

ory measurement of uncertainty—of the 12 con-

densate compartments for wild-type versus

mutant proteins to ask whether mutations alter

the certainty of compartment assignment for a

protein (SM, materials and methods). We con-

ducted the analysis for the truncationmutations

(83,211)—which we assumed would have major

effects—separately from that for the single-point

mutations (121,971), which we assumed would

have much smaller effects. We found that the

Shannon entropy is consistently higher with

mutant proteins compared with the normal

proteins across all compartments, indicating

that mutations are associated with decreased

certainty incompartmentassignment,with trun-

cations producing larger effects than point

mutations (Fig. 3B). A similar analysis was per-

formed for individual proteins; changes in the

scores between a wild-type protein and its

mutant counterpart can bemeasured by using

Wasserstein distance (42–44), a metric of dis-

similarity between two probability distributions.

We found that pathogenic truncationmutations,

when compared with single-point mutations,

tend to show larger Wasserstein distances (Fig.

3B), but both types of mutations are affecting

the scores for compartmentalization. These

Wasserstein distances cannot be fully explained

byamodelofmutationsaffectingwell-recognized

features of proteins, such as short linear motifs,

residues subjected to posttranslational modifica-

tions, or buried residues that might contribute to

protein stability (figs. S16 and S20, and tables S7

to S9). These measures indicate that within this

collection of pathogenic proteins, sequence vari-

ationmay alter the predicted compartments of

proteins in ProtGPS, suggesting that some mu-

tant proteins may no longer partition selectively

into compartments in the samemanner as their

normal counterparts.

To test experimentally whether pathogenic

mutations predicted by ProtGPS to change

protein distribution information content did

so, we prepared cells ectopically expressing

wild-type and pathogenic mutant proteins

tagged with a fluorescent marker protein. We

selected for study 20 pathogenic mutations

(10 truncation and 10 single-pointmutations) in

proteins involved in a broad range of biolog-

ical functions and diseases, whose normal cel-

lular compartmentalization was well-known

and that scored across the range of Wasserstein

distances (0.162 to 0.000) (table S10). We then

generated a panel of cell lines stably express-

ing each protein from a doxycycline-inducible

expression cassette, treated cells with doxycy-

cline, and conducted live-cell confocal micros-

copy analysis. Differences in the subcellular

localization between normal and mutant pro-

teins would appear as changes in the fluores-

cence patterns displayed in micrographs. We

noted that signals for all the normal proteins

occurred in the subcellular locations where

they are known to reside. When comparing

images of normal proteins with their mutant

counterparts, we found striking differences

in compartment appearance for almost all

truncationmutation proteins and less-striking

but clear differences in compartment appear-

ance for point mutation proteins, except for

RBM10(V354M),whichscoredwithaWasserstein

distance of 0 (Fig. 3C, fig. S21, and table S10).

Thus, it appeared that proteins calculated to

have a large Wasserstein distance tended to

exhibit more dramatic changes in compart-

ment appearance, although this relationship

was imperfect (figs. S21 and S22). The effects

of truncation mutations on nuclear localiza-

tion sequences could not account for these

results (Fig. 3C, fig. S22, and table S10). These

results support the notion that ProtGPS can

detect changes in protein codes resulting from

pathogenic mutations that are demonstrable

in an experimental setting.

Discussion

Our studies suggest that proteins have evolved

to harbor at least two types of codes, one for

folding and another for intracellular compart-

mentalization. Deep-learning algorithms such

as AlphaFold2, RoseTTAFold, Chroma, EvoDiff,

ESMfold, and others have learned the relation-

ships between linear amino acid sequence and

three-dimensional structure (22, 37, 45–49).

Here, we describe ProtGPS, which can predict

a protein’s selective assembly into specific

condensate compartments in cells. ProtGPS

with the MCMC algorithm also showed rea-

sonable success in generating novel proteins

that selectively partition into the targeted con-

densate compartments. The complexity of the

underlying physicochemical rules for both

protein folding and protein localization have

proven difficult to parse when using human in-

terpretable approaches, and these deep-learning

approaches therefore provide valuable predic-

tive and analytical tools for the study of protein

structure and function.

Previous studies of protein compartmental-

ization have already described versions of amino

acid codes for some compartments. Blobel and

Sabatini proposed a seminal version of amino

acid sequence–encoded information with their

discovery of a signal peptide sequence for trans-

location to the endoplasmic reticulum (50, 51).

For the membrane-bound nucleus, there are

well-known nuclear localization sequences that

facilitate the transport of protein from the

cytoplasm to the nucleus (52–54). More re-

cently, models were used to identify patterns in

protein sequences associated with specific com-

partments, especially those bounded by a mem-

brane, but these did not sample a broad range of
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compartments and lacked generative exper-

iments (55–57). For nonmembrane compartments,

here called condensates, there is recent evi-

dence of patterned amino acid sequence fea-

tures that can engender selective assembly of

certain proteins into transcriptional and nu-

cleolar condensates (58–62). Disease-related

human genetic mutations have been shown

to affect protein localization and provide ad-

ditional experimental evidence for a protein

code that contributes to compartmentaliza-

tion (62–64). These observations are consis-

tent with the concept of a protein code that

promotes the selective distribution of proteins

into specific compartments. Furthermore, there

is recent evidence of distinctive chemical envi-

ronments within condensates, suggesting that

these compartments have different solvent prop-

erties (16, 61, 65). Thus, the patterns of amino

acid sequences in proteins would be expected

to both promote specific folding behaviors and

to favor residence in compartments compatible

with their solvent properties.

Patterns of amino acid sequences that oc-

cur in proteins, such as hydrophobic surface

patches and blocks of charged residues or

repeats, appear overall to be highly constrained

in biology (66–72), and we suggest that this

is due, in part, to the requirements for both

proper folding and subcellular distribution.

In our efforts to develop ProtGPS as a guide

for generating novel protein sequences that

promote selective subcellular distribution, we

found that protein sequences sampled from

collections of natural proteins were more suc-

cessful at concentrating in the desired com-

partment than those generated without this

consideration. Analogous to the medicinal chem-

ist’s aspiration to increase drug-like attributes

such as on-target specificity and low off-target

effects when developing small-molecule ther-

apeutics, designing proteins to preferentially

distribute in biochemically relevant regions of

the targeted cell populationmight improve upon

their therapeutic properties (16, 65, 73). In ad-

dition, exploring the chemical space of proteins

naturally present in specific biological compart-

ments may provide a valuable guide to the gen-

eration of optimal chemical matter directed

to target proteins in specific compartments.

Indeed, there are widely used and efficacious

anticancer therapeutics that concentrate in

transcriptional condensates at oncogenes (73)

owing to the chemical environment of those

compartments (16, 65). It is evident that sim-

ilar considerations will apply to the design of

protein therapeutics. We suggest that fur-

ther understanding of the chemical environ-

ment established by amino acid patterns in

proteins will lead to more efficacious disease

therapeutics.

We conclude that ProtGPS can predict a

protein’s selective assembly into specific con-

densates and guide generation of novel protein

sequences whose cellular compartmentalization

can be experimentally validated. We anticipate

that future studies will advance this field by

improving compartment annotation, modeling

nested compartments, performing large-scale

tests of generated proteins, developing robust

techniques formeasuring compartmentalization

in vivo, deploying alternative machine learning

approaches, and further exploring the effects

of pathogenic mutations.
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Editor’s summary

Cells contain billions of protein molecules, the amino acid sequences of which encode their functional structures. Deep

learning models can now accurately predict such structures from amino acid sequence information. Proteins with

shared functions assemble into subcellular compartments to carry out their functions. Kilgore et al. have developed

a deep learning model called ProtGPS that can predict the compartment localization of proteins based on their

sequence. ProtGPS identified disease-associated mutations that change this code and lead to altered subcellular

localization of proteins. These results indicate that protein sequences contain both a folding code and a code

governing their distribution to subcellular compartments. —Di Jiang
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