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SUMMARY

Membraneless organelles are liquid condensates, which form through liquid-liquid phase separation. Recent
advances show that phase separation is essential for cellular homeostasis by regulating basic cellular processes, including transcription and signal transduction. The reported number of proteins with the capacity
to mediate protein phase separation (PPS) is continuously growing. While computational tools for predicting
PPS have been developed, obtaining a proteome-wide overview of PPS probabilities has remained challenging. Here, we present a phase separation analysis and prediction (PSAP) machine-learning classifier
that, based solely on the amino acid content of a training set of known PPS proteins, can determine the phase
separation likelihood for each protein in a given proteome. Through comparison with PPS databases, existing
predictors, and experimental evidence, we demonstrate the validity and advantages of the PSAP classifier.
We anticipate that the PSAP predictor provides a useful tool for future research aimed at identifying phase
separating proteins in health and disease.

INTRODUCTION
Within cells, numerous compartments such as the mitochondria
and lysosomes are encapsulated by a membrane. In addition, a
vast number of organelles exist that lack a physical boundary,
such as nucleoli, stress granules, and Cajal bodies. These supramolecular assemblies harbor molecular components, including
proteins, DNA, and RNA, and are commonly referred to as membraneless organelles (MLOs) or biomolecular condensates (Banani et al., 2017; Gomes and Shorter, 2019). These condensates
have liquid-like properties, can fuse, exchange components with
the surrounding environment, or destabilize in response to certain
extra- and intracellular signals (Brangwynne, 2013). The formation
and maintenance of liquid condensates has been attributed to a
process referred to as phase separation, which is a physicochemical process in which a collection of molecules separates into a
confined fluid phase (Alberti, 2017). The essential role of phase
separation in biology is becoming increasingly evident. Next to
the development and maintenance of MLOs, phase separation
has been implicated in many basic biological processes such as
the stress response, transcriptional regulation, and signal transduction (Boija et al., 2018; Li et al., 2012; Wheeler et al., 2016).

Increasing evidence further indicates that mutations in proteins
can disturb protein phase separation (PPS) leading to disease pathologies such as amyotrophic lateral sclerosis (ALS), frontotemporal dementia (FTD), and Alzheimer’s disease (AD) (Kostylev
et al., 2018; Mann et al., 2019; Patel et al., 2015).
The number of reported proteins that have the potential to
form liquid condensates via phase separation (hereafter referred
to as phase separation) has rapidly grown in recent years. Wellknown examples comprise the RNA-binding protein FUS (Molliex et al., 2015; Patel et al., 2015), the stress granule-related
protein TDP43 (Conicella et al., 2016), and the Mediator complex
subunit MED1 (Sabari et al., 2018). Current efforts focus on uncovering the molecular principles underlying phase separation.
This has resulted in the dogma that PPS is generally mediated
through multivalent weak interactions between folded domains
or amino acid (aa) motifs in unstructured domains referred to
as intrinsically disordered regions (IDRs). Low-complexity regions (LCRs), which frequently contain these IDRs, contain a variety of aa features that are important for phase separation.
Notable examples are prion-like domains, RGG motifs, and RG
and RY repeats, which together are proposed to support PPS
via electrostatic, hydrophobic, and (cation) Pi-Pi interactions
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(Chong et al., 2018; Lancaster et al., 2014; Vernon et al., 2018;
Wang et al., 2018). Intriguingly, just as the aa sequence of a protein drives the folding and intramolecular bonding of the linear aa
chain (Whisstock and Lesk, 2003), this indicates that the phase
separation potential of a given protein appears to be encoded
in its aa sequence. In addition, phase separation frequently relies
on association with RNA or DNA and can be modulated by variations in the cellular environment such as a change in temperature, osmolarity, pressure, and ionic strength (Cinar et al., 2019).
Given the central role of PPS in cell homeostasis, as well as
potentially providing therapeutic opportunities in diseases such
as ALS (Boeynaems et al., 2018), it will be important to assess
the phase-separating capacity of the entire proteome for any
given organism. Determining experimentally whether a protein
mediates phase separation is challenging and requires a range
of biochemical techniques. As the phase-separating capacity of
a protein is proposed to be encoded in its aa sequence, we aimed
to exploit this by developing a computational tool that can assess
the likelihood that a protein can phase separate by analyzing its aa
content. This resulted in the development of a phase separation
analysis and prediction (PSAP) framework. Using a list of known
human phase-separating proteins, we define basic biochemical
features associated with PPS. Using machine learning and
through validation with public databases and experimental evidence, we provide an overview of the likelihood that each protein
in the human proteome will form liquid condensates. More important, PSAP performs better than so-called first-generation predictors and therefore provides a useful tool for future research aimed
at identifying candidate phase-separating proteins.
RESULTS
Phase-separating proteins possess a compositional
bias in the aa content
Several molecular determinants in the aa content of phase-separating proteins have been reported, such as the presence of
glycine (G)-rich stretches and the presence of IDRs (Boeynaems
et al., 2018). To obtain a comprehensive overview of compositional features related to PPS, we manually curated the literature
to obtain a list of 90 high-confidence human proteins for which
strong evidence exists that these can form liquid condensates
in vitro and in vivo (Table S1; henceforth referred to as PPS proteins). By comparing these PPS proteins with the rest of the human proteome, we aimed to generate a list of aa-related features
that could discriminate these PPS proteins and generate a machine learning algorithm to predict PPS proteome-wide (Figure 1A). We focused on the total aa content, which revealed
strong differences between PPS proteins and the general proteome. Specifically, PPS proteins are enriched in G, arginine (R),
proline (P), serine (S), asparagine (N), and aspartate (D).
Conversely, PPS proteins show depletion for leucine (L), valine
(V), threonine (T), isoleucine (I), histidine (H), cysteine (C) and
tryptophan (W) (Figure 1B). To evaluate whether this would result
in over- or underrepresentation of specific variable chemical
groups, we clustered the aas based on their variable group properties such as size, charge, and hydrophobicity (Lodish et al.,
2000). This revealed that PPS proteins display enrichment for
features such as small and hydrophilic aas, while they are
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reduced in hydrophobic and aliphatic aas (Figure 1C). Interestingly, when we performed this analysis on 16 PPS proteins
from different species, we observed similar patterns, suggesting
the compositional bias in PPS proteins is evolutionarily
conserved (Figures S1A and S1B). This is further substantiated
when we calculated the aa contents of the orthologs of the
PPS proteins in mouse and Arabidopsis, which also displayed
similar patterns (Figure S1C).
We aimed to determine whether the difference in aa content
would result in specific aa motifs arising in PPS proteins. We
used a binning approach on the aa sequence to identify potential
kmers ranging from 2 to 8 aas. This resulted mainly in G-rich
kmers such as RGG (Figures 1D and S1D), which is consistent
with the higher G content in PPS proteins. This observation is
in line with previous work that demonstrated enrichment, and
also functionality for phase separation, of RGG motifs in PPS
proteins such as FUS (Chong et al., 2018; Kato et al., 2012).
These analyses demonstrate that PPS proteins display a compositional bias in the aa content.
LCRs in PPS proteins are compositionally distinct from
the proteome
LCRs have been implicated as causative or auxiliary for phase
separation (Martin and Mittag, 2018; Murthy et al., 2019). Several
types of LCRs have been described in PPS proteins, although a
complete picture of the composition of LCRs in PPS proteins is
still missing. Here, we used the 90 PPS proteins to search for
LCRs using a sliding window approach on the aa sequence. Using an exhaustive grid search, we defined 20 aas as the optimal
window size to define LCRs (Figure S1E; Method details). Counting of the total fraction low complexity in PPS proteins revealed
that these display a lower overall complexity relative to the proteome (Figures 1E and S1F). Next, we compared the aa content
of the LCRs in PPS proteins and the proteome, which revealed
considerable differences in their composition (Figures S1G and
S1H). For example, PPS proteins contain high levels of G, R,
and tyrosine in their LCRs, with large reductions of L and alanine.
Several of these distinctions have been previously shown to be
important for phase separation. For example, mutating tyrosine
in LCRs reduces the propensity of proteins to phase separate
(Lin et al., 2017; Pak et al., 2016), and the increase in G may
be required for fluidity and interaction with nucleotides in RNA,
which enhances phase separation (Kato et al., 2012; Wang
et al., 2018). These analyses reveal that also in LCR regions,
PPS proteins are different compared to the proteome.
Development of a machine learning algorithm on aa
features of PPS proteins
PPS proteins are characterized by distinct properties in their aa
content compared to the rest of the proteome. We therefore
aimed to exploit these differences to train a machine learning
classifier with the goal of discriminating PPS proteins from the
rest of the proteome. To do so, we used a total of 55 features
from the aa sequence of PPS proteins and the proteome. Next,
we developed a random forest classifier and evaluated its performance using 10-fold cross-validation. This revealed very good
performance based on a receiver operating characteristic
(ROC) area under the curve (AUC) of 0.88 (Figure 2A) and an
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Figure 1. Compositional bias in amino acid content in PPS proteins
(A) Schematic workflow and rationale of the study.
(B) Average fraction of each amino acid (aa) in PPS proteins and the rest of the proteome. Error bars represent the 95% confidence interval. Asterisks indicate
significance from a Wilcoxon ranked test (BH corrected).
(C) The biochemical features are combinations of aa fractions and compared to the proteome average (proteome average is depicted at the 0.00 line). For each
feature, a distribution is plotted for the 90 PPS proteins. Statistical differences relative to the proteome were tested with a Wilcoxon ranked test (BH corrected).
Composition of aas: Asx: D, N; Glx: E, Q; Xle: I, L; positively charged: K, R, H; negatively charged: D, E; aromatic: F, W, Y, H; aliphatic: V, I, L, M; small: P, G, A, S;
hydrophilic: S, T, H, N, Q, E, D, K, R; hydrophobic: V, I, L, F, W, Y, M. Asterisks indicate significance from a Wilcoxon ranked test (BH corrected).
(D) A sliding window of 3 aas over the protein sequences was used to count the number of each 3-mer in LLPS proteins. The count of each k-mer in LLPS proteins
was then divided by the total amount of k-mers (LLPS + proteome). A log2 fold change was calculated and plotted on the x axis to illustrate the difference in the
occurrence. The y axis illustrates the percentage of PPS proteins in which this k-mer occurs.
(E) Line plot visualizing the complexity of a protein sequence of 2 PPS proteins (FUS and HNRNPA0) and non-PPS proteins (TUBU1A and SLC16A3). The
proteome average is depicted in the gray dashed line, the red lines are 3 standard deviations from the proteome, and the purple lines indicate the 7 aa cutoff for
calling LCRs. Yellow background indicates locations where LCRs occur.
*p < 0.05, **p < 0.01, ***p < 0.001, ****p < 0.0001. See also Figure S1 and Table S1.
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Figure 2. Machine learning can identify phase-separating proteins
(A) Receiver operating characteristic (ROC) curve of the random forest classifier with 10-fold cross-validation. Gray lines represent each of the 10 cross-validation
trainings, the green line represents the average of all of the trainings of the classifier, and a blue-dotted line indicates random classification.
(B) Precision recall curve of the random forest classifier as in (A).
(C) The 10 most informative features for the RF prediction as visualized by feature importance. LCS, low complexity score; IDR, intrinsically disordered region.
(D and E) Examples of highly evaluated features on PPS proteins (D) and non-PPS proteins (E), illustrating that PPS proteins possess LCRs with higher percentage
of IDRs, low hydropathy index (HPI), high % glycine and low percentage of cysteine, tryptophan, and leucine. In the LCR plots, the proteome average is depicted
in the gray dashed line, the red lines are 3 standard deviations from the proteome, and the purple lines indicate the 7 aa cutoff for calling LCRs.

AUC of the precision-recall (PRC) curve of 0.25 (Figure 2B). We
extracted the feature importances from this random forest model
(hereafter referred to as PSAP) to select the features that the
model considered to be important for its predictions. These
mainly include the percentage of L and C, low-complexity scores
(LCS), and percentage of IDRs (Figure 2C). As is evident from the
examples in Figures 2D and 2E, PPS proteins (Figure 2D) show
large regions of low complexity, a high disordered percentage,
low C/W/L, and high G, compared to non-PPS proteins (Figure 2E). The regions harboring these features could comprise
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the regions causative for the phase-separation potential of these
proteins. This is substantiated by the notion that many diseasecausing mutations in FUS and -TARDBP locate in these LCRs,
resulting in aberrant phase-separating behavior and consequently ALS (Lattante et al., 2013; Mann et al., 2019).
Benchmarking of PSAP against known PPS features
The PSAP model was trained solely on the aa content of PPS
proteins without prior knowledge of other features such as protein domains. In recent years, several tools have been developed
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Figure 3. Validation of the PSAP predictor
(A) Integration of the PSAP predictions with the Rnagranuledb (RGdB). The x axis indicates how many features (LARKS, PLAAC, R+Y, DDX4-like, CatGRANLUE,
Pscore, RGG) are present in a protein, while the y axis shows the corresponding phase-separating probability as assessed using PSAP.

(legend continued on next page)
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that attribute specific features or domains to PPS proteins.
These include prion-like domains (PLAAC) (Lancaster et al.,
2014), low-complexity aromatic-rich kinked segments (LARKS)
(Hughes et al., 2018), critical concentrations of R and tyrosine
as present in the FET family proteins (R+Y) (Wang et al., 2018),
and sequence composition and residue spacing analogous to
the DDX4 protein (DDX4-like) (Nott et al., 2015). In addition, localization of granule-forming proteins in yeast (CatGRANULE) (Bolognesi et al., 2016) and sequence composition that allows sp2
(pi) sp2 (pi) interactions to form planar contacts (Pscore) (Vernon et al., 2018) have been used to distinguish PPS proteins from
the proteome. We used the PSAP model to predict the phaseseparating probabilities for each protein in the proteome (after
excluding the training set from further analyses). We intersected
the PSAP probabilities with a recent literature-curated database
in which all of these PPS features were combined (Youn et al.,
2019). Plotting the predicted probabilities of proteins with and
without PPS features clearly revealed that proteins harboring
one of the PPS features had significantly higher probabilities to
phase separate (Figure S2A). In addition, the PSAP probability
was increasingly higher when more PPS features were present
in a protein (Figure 3A), further validating the PSAP model. As
PPS proteins are frequently present in MLOs such as P-bodies,
we aimed to understand whether the PSAP model would predict
this. To this end, we used a recently generated proteome localization map of >4,000 proteins divided over 25 subcellular compartments (Go et al., 2019). This map revealed that the PSAP
predictions were highest for proteins localizing in MLOs such
as cytoplasmic granules and nuclear bodies, which are subcellular localizations postulated to be maintained by phase separation (Figure S2B). Finally, we ranked the PSAP probabilities
and intersected these with proteins that have been annotated
as phase separating in two recently published databases,
LLPSdB (Li et al., 2020) and PhaSepDB (You et al., 2020). This
revealed that proteins annotated as phase separating in LLPSdB
and PhaSepDB received high prediction scores compared to
proteins not annotated as such, further validating the PSAP classifier (Figure 3B).
Finally, we noticed that several protein domains are overrepresented in the training set compared to the rest of the proteome.
We therefore wanted to address whether this results in overfitting of the PSAP classifier on specific protein classes. Specifically, the training set features multiple RNA binding (RRM and
KH) domain proteins (41 occurrences), zinc finger domains (5 occurrences), and a number of other domains, which occur twice.
We aimed to investigate whether these overrepresented proteins
affect the performance of the PSAP classifier. To this end, the
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classifier was trained using either the complete training set or
upon selectively excluding these domains from the training set
to generate 3 additional training sets (delta RNA, delta zinc,
and delta other, respectively). This means that, for example, in
the delta RNA case, the PSAP classifier never encounters
RNA-binding proteins during the training before generating proteome-wide PPS probabilities.
After training of the model on these different delta datasets, we
predicted PPS probabilities for each protein in the proteome.
First, we investigated the PPS probabilities for the proteins that
were selectively left out from the training set, which revealed
that these proteins received high PPS probabilities in the respective delta conditions. For example, RRM domain-containing proteins are highly predicted PPS proteins even though the classifier
never encountered these proteins during the training (Figure S2C). Second, irrespective of the training conditions, the proteins associated with specific subcellular compartments, such
as nuclear bodies and cytoplasmic granules, received similar
high PPS probabilities (Figure S2B). Third, irrespective of the
training conditions, the highest-ranking proteins were enriched
for the same Gene Ontology (GO) terms (related to chromatinand RNA-related processes) (Figure S2D). This analysis reveals
the robustness of the PSAP classifier. As a final test for the performance of the delta classifiers, we assessed their performance
using ROC and PRC analyses. This assessment revealed that the
removal of zinc finger domains or other overrepresented domains did not affect the performance of the model (Figure S2E).
Removal of RNA binding proteins does have an effect on the performance of the model (Figure S2E). However, it should be
emphasized that this protein class is very frequently implicated
in the formation of condensates inside cells, so it is not surprising
that the removal of this class of proteins affects the performance
of the classifier.
Benchmarking PSAP against the Pscore predictor of
PPS
To further evaluate the performance of PSAP, we performed an
in-depth comparison with the Pscore, which has been developed as a prediction tool for PPS proteins in the human proteome and is the best performing first-generation phase separation predictor (Vernon and Forman-Kay, 2019; Vernon et al.,
2018). First, we ranked the prediction scores of the PSAP and
Pscore for the proteome, which revealed that proteins annotated
as phase separating in these databases ranked higher in the
PSAP predictions (Figure 3B). PPS proteins were recently categorized into different groups, specifically scaffolds (proteins that
drive phase separation), clients (proteins that are recruited to

(B) The PSAP and Pscore probabilities were ranked in percentiles and plotted for proteins considered phase separating in the LLPSdB and PhaSepDB. Note that
for PhaSepDB, 2 categories are present, both of which include phase-separating proteins, but were obtained from the literature via different means (You et al.,
2020). p values were calculated using a Wilcoxon rank test and BH corrected for multiple testing.
(C) Integration of the PSAP and Pscore probabilities with different classes of PPS proteins (Ning et al., 2020). p values were calculated using a Wilcoxon rank test
and BH corrected for multiple testing.
(D) The PSAP and Pscore classifiers were evaluated on the same dataset, and performance was assessed using the ROC and precision recall curves. Gray
dashed lines represent random training.
(E) Microscopy validation of BAC HeLa cell lines expressing protein-GFP fusions at near-endogenous levels. Five cell lines for the training set, high-scoring
proteins, and low-scoring proteins were included. The GFP signal is shown individually, as is the merge with DAPI (marking the nucleus) in blue and tubulin
(marking the cytoskeleton) in red. Yellow arrows indicate GFP foci.
Scale bars represent 10 mm. See also Figures S2 and S3 and Table S2.
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liquid condensates via the scaffolds), regulators (proteins that
are required for the formation of liquid condensates through,
for example, placing PTMs on scaffold proteins), and proteins
that are not present in either of these categories (‘‘other’’) (Ning
et al., 2020). Ranking of the PSAP and Pscore probabilities for
these categories revealed that the scaffolds and clients ranked
higher in the PSAP predictions, while there was no increase for
the ‘‘regulator’’ or ‘‘other’’ proteins (Figure 3C). Second, we performed a side-by-side comparison of the GO terms associated
with the top 1.5k ranking proteins of the PSAP and Pscore.
The overlapping proteins were enriched for GO terms such as
DNA binding, RNA binding, and transcription factors, which are
protein classes frequently associated with PPS (Garcia-Jove
Navarro et al., 2019; Lin et al., 2015). The proteins specific for
the Pscore were characterized by GO terms related to gene
expression and to extracellular matrix protein and collagen processes, while the PSAP-specific terms were mainly centered
around DNA binding and RNA binding-related events (Figure S2F). As a final comparison, we evaluated the PSAP and
the Pscore models using ROC and PRC analyses. This revealed
that the PSAP classifier performs better overall compared to
the Pscore in classifying our set of 90 high-confidence
phase-separating proteins (Figure 2D). These analyses reveal
that the PSAP is a highly suitable tool to predict the PPS capacity
for any given protein in the proteome.
Experimental validation of PSAP predicted PPS proteins
Proteins that can form liquid condensates, or are a part thereof,
can be observed inside a living cell as discrete foci using immunofluorescence. To further assess the applicability and validity of
the PSAP predictor, we performed immunofluorescence analyses on 23 HeLa cell lines obtained from the BaCe database expressing GFP-fusion proteins at near-endogenous levels (Poser
et al., 2008). We collected images from 5 cell lines for the training
set, 13 for high-predicted proteins, and 5 for low-predicted proteins. This revealed GFP foci in both the training set and the highpredicting proteins, while the proteins with a low prediction
score displayed a homogeneous GFP signal without clear foci
(Figures 3E and S3A). We also observed similar patterns when
we inspected images of the Human Protein Atlas (Thul et al.,
2017) associated with high-scoring candidate PPS proteins (Figure S3B). These observations are consistent with the formation
of liquid condensates, although it should be emphasized that
additional in vitro and in vivo experiments are required to further
substantiate this. Next, we aimed to determine whether the GFP
foci containing the high-predicted PPS proteins may comprise
MLOs rather than cell components with a membrane or protein
aggregates. To this end, we used cells expressing GFP fusions
for ILF3, YBX1, and TFG (from Figure 3E) and incubated these
for 30 s with PBS or with PBS supplemented with 1,6-hexanediol
(HD), a compound frequently used to destabilize membraneless
condensates (Kroschwald et al., 2017). This revealed that HD
treatment resulted in a significant reduction in these GFP foci,
providing further evidence that these foci may comprise liquid
condensates rather than membrane-encapsulated organelles
or non-soluble aggregates (Figure 4A). Finally, we expressed
and purified two high-ranking proteins (DAZAP1 and CPEB3)
that have been shown to localize to the stress granules or P-

bodies (Ford et al., 2019; Markmiller et al., 2018) and assessed
whether these proteins can form liquid condensates using
in vitro assays. We validated the assays by showing that purified
GFP does not form condensates, while the known PPS protein
FUS (Patel et al., 2015) is able to form condensates in vitro (Figure 4B). When purified DAZAP1 and CPEB3 proteins were subjected to these assays, these proteins were also able to form
liquid condensates in vitro (Figure 4B). While these assays do
not directly prove phase separation, they provide evidence that
the PSAP classifier predicted proteins that may possess intrinsic
capacities to form condensates and potentially phase separate.
These analyses demonstrate that the PSAP predictor is a suitable tool to identify candidate proteins that may form liquid
condensates.
DISCUSSION
PPS has recently gained attention as a process that is crucial for
cellular homeostasis. As such, many efforts are being undertaken to understand the molecular principles of PPS. This has resulted in the identification of several protein features, such as RG
stretches, which are important determinants of PPS (Chong
et al., 2018). Previous efforts have aimed to use one or a few of
these protein features to distinguish PPS proteins from the rest
of the proteome. However, these so-called first-generation
phase separation predictors do not comprehensively incorporate the multiple features associated with phase separation (Vernon and Forman-Kay, 2019), highlighting the need for improved
predictors. To improve upon these existing methods, we defined
features from the aa sequence of experimentally validated PPS
proteins without prior knowledge of the composition of such features and developed the PSAP predictor. The PSAP predictor attributes higher predicted probabilities to proteins in PPS databases compared to the Pscore, which was to date the bestperforming first-generation predictor (Vernon and Forman-Kay,
2019). PSAP is thus a highly valuable and improved alternative
compared to existing classifiers and potentially the first of the
second-generation predictors.
It is interesting to note that RNA binding-related GO terms are
associated with high PPS probabilities. While we aimed to
exclude the possibility that this is partially the result of the presence of RNA-binding proteins in our training set, our observations are in line with the notion that nucleotide binding is a feature
that is well known to be associated with and supportive of phase
separation (Garcia-Jove Navarro et al., 2019; Hall et al., 2019;
Wheeler et al., 2016). Recently, the mRNA modification m6A
was also shown to be important for regulating phase separation
of m6A readers, such as the YTHDF proteins (Fu and Zhuang,
2020; Ries et al., 2019). While we did not consider binding to
RNA modifications in the training of the PSAP model, the PPS
likelihood of m6a readers recently identified in a proteomics
screening (Edupuganti et al., 2017) was markedly higher than
those of random proteins (Figure S2G), further supporting a
possible role for RNA modifications in regulating PPS. In the
future, it will be interesting to assess whether and how various
RNA modifications can affect PPS (Roundtree et al., 2017), and
whether this could be linked to disease pathologies involving
writers, erasers, and readers of these modifications.
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Figure 4. Validation of the phase-separating capacity of high-predicted proteins
(A) Microscopy images of BAC cell lines expressing protein-GFP fusions at near-endogenous levels. Cells were treated with PBS (control) or PBS with 10% 1,6hexanediol (HD) for 30 s. Scale bar represents 10 mm. The number of GFP foci per cell are displayed in the boxplots (at least 20 cells per condition). p values were
calculated using a Wilcoxon rank test.
(B) In vitro phase-separation assay of GFP, FUS, CPEB3, and DAZAP1. The assay was conducted with 5 mM protein in the buffer containing 125 mM KCl and 10%
dextran. Scale bar represents 5 mm.

Proteins with a high likelihood to phase separate, as predicted
by PSAP, are also characterized by GO terms centered around
DNA binding and transcriptional regulation (Figure S2F). The
role of phase separation in transcriptional control and other basic
chromatin-associated processes is becoming increasingly
evident (Gurumurthy et al., 2019). For example, MED1 can phase
separate together with OCT4 or the estrogen receptor (ER) to
mediate gene regulation in embryonic stem cells (Boija et al.,
2018), phase separation is involved in mediating the multi-molecular assembly of super-enhancers (Hnisz et al., 2017; Sabari
et al., 2018), and the repair of double-strand breaks in the DNA
is facilitated by RNA-mediated phase separation (Pessina
et al., 2019). As such, chromatin factors with a high PPS likelihood may provide starting points for future studies. Potential
interesting candidates could be the SWI/SNF complex member
ARID1A and the NuRD complex member MBD2, which contains
a large RGG-rich stretch in its N terminus.
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In summary, PSAP is a new proteome-wide phase separation
predictor based solely on aa content. To facilitate the use of the
PSAP algorithm in the scientific community, we provide a table
with predictions for all human proteins (Table S2), and all of the
associated code is freely available. While this study was focused
on the human proteome, PSAP can be applied to every organism
for which a FASTA file of the proteome is available and to a
known set of experimentally validated PPS proteins, which
have been deposited for various organisms in recent databases
(Li et al., 2020; You et al., 2020). As such, PSAP will provide a
useful tool for the phase-separation field in the search for novel
phase-separating proteins. Moreover, we expect that PSAP
can also be applied to predict the effect of disease-associated
mutations such as those occurring in cancer, or mutations
frequently falling in IDRs (Vacic et al., 2012), leading to aberrant
dipeptides such as leucine dipeptides in so-called dileucineopathies (Meyer et al., 2018).
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Thul, P.J., Åkesson, L., Wiking, M., Mahdessian, D., Geladaki, A., Ait Blal, H.,
Alm, T., Asplund, A., Björk, L., Breckels, L.M., et al. (2017). A subcellular map of
the human proteome. Science 356, eaal3321.
Vacic, V., Markwick, P.R.L., Oldfield, C.J., Zhao, X., Haynes, C., Uversky, V.N.,
and Iakoucheva, L.M. (2012). Disease-associated mutations disrupt functionally important regions of intrinsic protein disorder. PLoS Comput. Biol. 8,
e1002709.
van der Walt, S., Colbert, S.C., and Varoquaux, G. (2011). The NumPy Array: A
Structure for Efficient Numerical Computation. Comput. Sci. Eng. 13, 22–30.
Vernon, R.M., and Forman-Kay, J.D. (2019). First-generation predictors of biological protein phase separation. Curr. Opin. Struct. Biol. 58, 88–96.
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This study
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This study

N/A
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This study

N/A
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Experimental models: cell lines
HeLa Kyoto
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N/A
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(Poser et al., 2008)

#3828
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(Poser et al., 2008)
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(Poser et al., 2008)

#7528

Numpy 1.18.0

(van der Walt et al., 2011)

https://numpy.org/devdocs/contents.html

pandas 0.23.4

(McKinney, 2011)

https://pandas.pydata.org/pandas-docs/
version/0.23.4/

BioPython 1.73

(Cock et al., 2009)
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matplotlib 2.0.0

(Hunter, 2007)

https://matplotlib.org/2.0.0/
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(Waskom et al., 2018)
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(Flyamer, 2018)

https://github.com/Phlya/adjustText
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(Seabold and Perktold, 2010)
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release/version0.10.2.html
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ggplot2

(Wickham, 2016)
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This study
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Materials availability
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Data and code availability
All code associated with the PSAP classifier is available on Github (https://github.com/Guido497/phase-separation).
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EXPERIMENTAL MODEL AND SUBJECT DETAILS
HeLa cells were cultured in DMEM medium (GIBCO) supplemented with 10% FBS (Hyclone) and Penicillin-Streptomycin (GIBCO).
Cells were passaged every three to four days. For assays in Figure 4A, HeLa cells were grown on coverslips overnight and exposed
for 30 s to PBS or PBS supplemented with 10% w/v 1,6-Hexanediol (Sigma, Cat# 240117) followed by direct fixation in 4% PFA and
immunofluorescence staining.
METHOD DETAILS
Immunofluorescence
Cells were fixed in 3% PFA at RT. Cells were washed and permeabilized in PBS with 0.1% Triton and blocked in PBS supplemented
with 0.2% fish gelatin (Sigma) or 3% BSA. Antibodies used are goat a-GFP (antibody facility, MPI-CBG, Germany), mouse antitubulin (DM1a, Sigma) and as secondary antibodies: donkey anti-goat IgGAlexa488 and donkey anti-mouse Alexa594 (Invitrogen,
Germany). DNA was counterstained using Hoechst 33342 (100 mg/ml). Images in Figures 3E and S3A were taken on an Olympus
IX70 equipped with the imaging system DeltaVision RT and deconvolved using softWoRx software (Applied Precision, USA). Images
in Figure 4A were acquired on a Zeiss LSM900 confocal microscope. Images present in Figure S3B were generated as part of the
Human Protein Atlas initiative and were downloaded from http://www.proteinatlas.org.
In vitro phase separation assays
The His-MBP tagged CPEB3-GFP, DAZAP1-GFP, FUS-GFP and GFP were purified as before (Wang et al., 2018). Before the phase
separation assay, the His-MBP tag was cleaved off by adding PreScission protease. Phase separation assay was conducted with
5 mM protein in the buffer containing 125 mM KCl and 10% Dextran. Images were collected using an IX71/IX81 inverted Spinning
Disc Microscopes with an Andor Neo sCMOS/Andor Clara CCD camera, or an inverted Olympus IX71 microscope using 60x 1.42
NA or 100x 1.4 NA Plan Apochromat oil objectives, CoolSNAP HQ camera (Photometrics), and DeltaVision control unit
(AppliedPrecision).
Software
Unless specified, all analyses were performed using Python 3, with the modules numpy 1.18.0 (van der Walt et al., 2011), pandas
0.23.4 (McKinney, 2011), BioPython 1.73, (Cock et al., 2009), and scikit-learn 0.22 (Pedregosa et al., 2014). The graphs were produced using matplotlib 2.0.0 (Hunter, 2007), seaborn 0.9.0 (Waskom et al., 2018), adjustText 0.7.3 (Flyamer, 2018) and statsmodels
0.10.2 (Seabold and Perktold, 2010).
Protein sequences and feature engineering
Proteins with phase separating capabilities were determined via literature curation resulting in a total of 90 high-confident PPS proteins in the human proteome (Table S1). The criteria for including the positive samples were in vivo studies with visual evidence of
speckle formation. In addition, in vitro assays should be performed in which in parallel one or more positive or negative controls
(i.e., known PPS proteins or e.g GFP only) were included. Features from each protein sequence of the 90 PPS proteins and the
rest of the proteome obtained from the Uniprot database (release 14-02-2019) were extracted. We used the ProteinAnalysis module
from the Biopython package to calculate the percentage of each amino acid, the length, the isoelectric point, the molecular weight,
gravy, aromaticity and the fraction alpha helix, beta-turn and beta-sheet (Cock et al., 2009). The IUPred2A global algorithm was used
to calculate the intrinsically disordered score for each position of the protein sequence (Mészáros et al., 2018). We calculated the
fraction of amino acids that scored a value higher than 0.5, 0.6, 0.7, 0.8 and 0,9 in the UIPred2A. For the hydrophobic index we calculated the Kyte and Doolittle scores for a protein and stored it as a list of floats (Kyte and Doolittle, 1982). These hydrophobic values are
smoothed by the convolve module from the scikit-learn python package with a Hann window of 30 (Pedregosa et al., 2014). The fraction and total of amino acids in a protein sequence that score lower than 1.5, 2.0 or 2.5 are calculated in the convolved list. Combinations of amino acids are grouped as: Asx: D, N, Glx: E, Q, Xle: I, L, Positively charged: K, R, H, Negatively charged: D, E, Aromatic:
F, W, Y, H, Aliphatic: V, I, L, M, Small: P, G, A, S, Hydrophilic: S, T, H, N, Q, E, D, K, R, Hydrophobic: V, I, L, F, W, Y, M. Visualizations on
the amino acid distribution or categorization on chemical side groups were made with the python package Seaborn. Statistics were
performed using Wilcoxon rank-sum statistics for two samples test by the scikit-learn package.
Kmer identification in protein sequences
Every protein sequence was scanned with a sliding window of K. Then, the peptide in that sliding window was counted for amino acid
occurrence and grouped in PPS and control (rest of the proteome). Next, the occurrence of a KMER in a group was calculated. The
number of counts was divided by the total amount of KMERS establishing the fraction KMER. From the control fraction and PPS fraction a log2 fold change was calculated. Only KMERS found at least once in both LLPS and control are selected for the plot.
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Low complexity scoring
We determined the low complexity score by the number of unique amino acids in a sliding window. For each amino acid a window
was created, when the criteria meet the window the amino acid in the middle of that window receives a score of 1, else 0. The final
score is divided by the length of the proteins for the total complexity score. We formed a grid search for the two variables defining the
low complexity score to find the lowest p value between PPS positive and negative samples. The two optimal variables selected in
this study are a sliding window of 20 and unique amino acids % 7. The average protein sequence complexity and standard deviation
are calculated with the humane SwissProt sequences using protein sequences with R 100 and % 3000 amino acids. The plot was
smoothed with a Hann window of 10 (Horita, 1983). For the plot of the amino acids in the LCRs, the amount of each amino acid in
these low complexity regions was counted and visualized using Seaborn catplot.
Training and validation of the PSAP model
Restricting sequences with a length % 100 and R 3000 are removed and the data normalized by scaling using the StandardScaler
from Scikit learn. Of the features extracted from these sequences, those with a Pearson correlation lower than 0.95 were removed.
We trained a RandomForestClassifier using the following hyperparameters: n_estimators = 1200 (number of trees), class_weight =
‘balanced’ and criterion = ‘entropy’. To evaluate the performance, we calculated the area under curve (AUC) of the receiving operating characteristics (ROC) with the sklearn auc metric. Additionally, the precision and recall were calculated with klearn precision_score and recall_score with the AUC of the precision recall curve (PRC) using precision_recall_curve. All estimates of the performance are based on 10-fold cross-validation. The final PSAP model was trained on the full training set and was used to predict
the PSAP score of each protein in the proteome.
Integration with public databases and other predictors
Protein annotation for PPS-associated domains were downloaded from the RNAgranule database (Youn et al., 2019) or a recently
compiled resource on first-generation PPS predictors (Vernon and Forman-Kay, 2019). The PPS-associated domains are prionlike domains (‘PLAAC’) (Lancaster et al., 2014), low-complexity aromatic-rich kinked segments (‘LARKS’) (Hughes et al., 2018), critical concentrations of Arginine and Tyrosine as present in the FET family proteins (‘R+Y’) (Wang et al., 2018), and sequence composition and residue spacing analogous to the DDX4 protein (‘DDX4-like’) (Nott et al., 2015). In addition, localization of granule-forming
proteins in yeast (‘CatGRANULE’; Bolognesi et al., 2016), and sequence composition that allows sp2 (pi) – sp2 (pi) interactions to form
planar contacts (‘Pscore’; Vernon et al., 2018) were used. Data for PPS databases were downloaded from LLPSdB (Li et al., 2020) and
PhaSepDB (You et al., 2020). Intersection of the PSAP probabilities with these databases were performed in R and visualized using
ggplot2 (Wickham, 2016). Statistics were performed using the associated R package ggpubr (Kassambara, 2020).
QUANTIFICATION AND STATISTICAL ANALYSIS
All statistical analyses were carried out in R or Python. Raw p values are mentioned, or alternatively visualized as * = p < 0.05, ** p <
0.01, *** = p < 0.001, **** = p < 0.0001, as also indicated in the Figure legends. When applicable, multiple testing correction was performed using Benjamini-Hochberg (BH) correction as described in the respective Figure legends. For the hexanediol experiments
displayed in Figure 4A, the GFP foci were counted (at least 20 cells per condition) in the control and treated conditions.
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