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Intrinsically disordered regions (IDRs) represent at least one-third of the human pro-
teome and defy the established structure—function paradigm. Because IDRs often have
limited positional sequence conservation, the functional classification of IDRs using
standard bioinformatics is generally not possible. Here, we show that evolutionarily
conserved molecular features of IDRs enable clustering of the human disordered pro-
teome (IDRome) into a map with strong functional enrichments. We quantify how
conserved IDR features correlate with functional terms and, for a subset of terms, provide
proteome-wide predictions of annotations for IDRs. Further, we show that conserved
features of IDRs can predict protein localization to different biomolecular condensates
and underlie elevated intracluster connectivity in condensate-associated IDRs, as well as
enrich for short-linear motif-binding domains among interaction partners. We highlight
patterns of conservation in disordered proteins with unknown function and in clusters
enriched for proteins encoded by disease-risk genes. Our map of the human IDR-ome
should be a valuable resource that aids in the discovery of new IDR biology.

intrinsically disordered proteins | molecular features | biomolecular condensates | interaction
networks | protein functional prediction

The sequence-structure—function paradigm in molecular biology postulates that the amino
acid sequence of a protein encodes its three-dimensional structure, which determines the
function of the protein. The close relationships between sequence, structure, and function
are routinely exploited to infer function from sequence or structural data (1-5), trace the
evolutionary history of protein—protein interactions (6), design de novo proteins with
desired folds or functions (7-9), and predict the pathogenicity of sequence variants in the
human genome (10-13). Indeed, structural information recovered from amino acid
sequence alignments is central to state-of-the-art protein structure prediction methods
(14, 15). However, the sequence-structure—function paradigm does not apply to the
approximately one-third of residues in the human proteome that map to intrinsically
disordered regions (IDRs), which lack stable secondary and tertiary structure and exhibit
poor positional sequence conservation (16-18). Despite their lack of ordered structural
elements, IDRs function in key cellular processes (19) and frequently act as hubs in pro-
tein—protein interaction networks (20), often via transient, multivalent interactions that
promote phase separation and involvement in biomolecular condensates (21).

While the presence of IDRs in proteins can generally be predicted with high accuracy
from their amino acid sequences (22, 23), the relationship between the sequences and
biological functions of IDRs, although understood in many cases, is not understood in
general (24-32). Segments of IDR sequences that show strong similarity in sequence
alignments (which we refer to as “positional conservation”) often point to so-called
short-linear motifs (SLiMs) and Molecular Recognition Features (MoRFs) (20, 33-36).
However, positionally conserved elements typically constitute only a minor fraction of an
IDR sequence, and many of the experimentally characterized SLiMs are not positionally
conserved (35, 37-39). More recently, we and others showed that approximately 15% of
human IDRs contain significant positional alignment due to the acquisition of a condi-
tional fold in particular functional contexts (40, 41). Nevertheless, it is appreciated that
the majority of positions in the sequences of IDRs appear to evolve more rapidly relative
to ordered regions in the same proteins (39, 42). Rapid evolution in IDRs reflects the
absence of stable folded structure, since positional conservation is directly linked to evo-
lutionary pressure to maintain a three-dimensional fold (25). Thus, because IDRs exhibit
limited positional conservation in multiple sequence alignments, these alignments provide
limited insight into the functional roles of IDRs (25-27). For intrinsically disordered
proteins (IDPs), which are fully disordered and make up ~5% of the human proteome
(ca. 1,000 proteins) (43), predictions of function are even more limited due to the lack
of any folded domains (24).
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Significance

Much of the human proteome
lacks stable structure and
consists of intrinsically
disordered regions (IDRs). IDRs
have key roles in cellular
signaling, gene expression, and
cellular organization, but their
rapid sequence evolution has
made them notoriously difficult
to study using standard tools.
This work offers insights into
human disordered proteins by
focusing on conserved bulk
molecular features of the
sequence rather than positional
sequence conservation. By
mapping these features across
thousands of human IDRs, the
study reveals which conserved
aspects of disorder contribute to
specific protein functions or
interaction networks and which
are associated with disease-risk
genes. This resource charts the
hidden logic of information
encoded in disorder, a long-
standing frontier in proteome
science.
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The functional importance of IDRs and IDPs is increasingly
appreciated, especially in the context of biomolecular condensates
(44-49). More generally, the biological functions of IDRs often
relate to protein localization (both subcellular and extracellular),
cell signaling interactions modulated by posttranslational modi-
fications, and other aspects of protein regulation. IDR-containing
proteins are often dysregulated in diseases such as cancer, amyo-
trophic lateral sclerosis, and other neurological disorders (43, 44,
50), with a recently increased focus on disease-associated sequence
variants that map to IDRs (48, 51, 52). Interpreting the effects of
mutations in IDRs remains challenging, as most variant effect
predictors compute the impacts on fold stability and other struc-
tural features, e.g., changes to enzyme active sites or interfaces
(53). Indeed, recent reports show that prediction methods are
typically less accurate for disease variants in IDRs compared to
folded domains (54). Thus, an understanding of how the sequences
of human IDRs relate to biological function is urgently needed.

Several recent efforts aim to predict biological function of IDRs
without relying on multiple sequence alignments (26, 27, 55-62).
IDRs generally show strong evolutionary conservation of
sequence-derived molecular features that are not positionally con-
strained (26, 27, 57, 60, 63—65). In a series of earlier studies, we
showed how evolutionary properties of bulk molecular features
that are computable from IDR sequences can be used to cluster
and classify yeast IDRs into an unexpectedly large number of
functional groups (26, 27).

Building on this framework, we show here that human IDRs
are amenable to systematic classification based on evolutionary
conservation of a broad set of bulk molecular features. We provide
a comprehensive functional map of IDRs within the human pro-
teome (IDR-ome). We obtain estimates for the proportion of
human IDRs correlated with a broad range of Gene Ontology
(GO) terms, and we train classifiers to predict association with
those terms for unannotated IDPs and IDRs from sequence alone.
Since the functional map is based on evolutionary conservation
of simple molecular features, we can determine which features are
associated with different groups of IDRs, such as those involved
in the formation of biomolecular condensates or those associated
with disease-risk genes. We demonstrate how combinations of
conserved molecular features correlate with diverse biological roles
and localizations of IDRs within the context of full-length pro-
teins. Our map of the IDR-ome, GO-based classification of IDRs,
and predictions of association with cellular localizations and
disease-risk represent a critical resource for understanding IDR
biology. Our map is readily searchable and retrievable to support
validation and hypothesis-driven studies of the molecular basis of
IDR function and dysfunction.

Results

Intrinsic Disorder Is Abundant in Human Proteins. To build a
global functional map of the human IDRs, we first identified
the boundaries of IDRs in the human proteome using the
SPOT-Disorder (SPOTD) predictor (66) followed by filtering
to retain 21,252 sequences (43) (SI Appendix, SI Methods).
Intrinsic disorder is abundant in the proteome (22), with IDRs
found in approximately 60% of proteins and exhibiting diverse
length distributions (median 74 residues) and positional contexts
(SI Appendix, Fig. S1 A-C). Predominantly disordered proteins,
or those that contain more than 50% disordered residues, amount
to nearly 20% of the proteome, whereas entirely disordered
proteins (i.e., IDPs) account for 5% (SI Appendix, Fig. S1A).
The average IDR in our dataset is approximately 200 residues
long, and 280 IDRs/IDPs have more than 1,000 consecutively
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disordered residues (S7 Appendix, Fig. S1B). We confirmed that,
as expected, the predicted IDRs show generally lower levels of
positional sequence-similarity in alignments of homologs from
the Ensembl database (67) as compared to folded protein domains
(SI Appendix, Fig. S1D). Moreover, most human IDRs are not
easily assigned to protein families using sequence alignments, with
only 21% of human IDRs showing significant sequence similarity
(BLAST e-value < 1e-6) to any other human IDR (87 Appendix,
Fig. S2).

A Global Map of the Human IDR-ome Based on Evolutionary
Conservation of Molecular Features. Next, we estimated the
evolutionary conservation of molecular features in the human
IDR-ome without relying on conventional multiple sequence
alignments. To this end, we first compiled a comprehensive list of
144 bulk molecular features that have been shown to be important
for function of IDRs in different studies, including known short
linear interaction motifs (SLiMs), physicochemical properties
(e.g., hydrophobicity, polarity, charge, charge patterning), residue
composition, and (homo-)repeats (SI Appendix, SI Methods and
Dataset S1) (35, 68-75). We focus our analysis on these bulk,
sequence-derived properties of IDRs, as we specifically aim to
understand how IDR properties that correlate with protein
function are encoded in the IDR amino acid sequence. We
then developed a computational framework to estimate the
evolutionary conservation of molecular features (S Appendix, SI
Methods and Figs. S3 and S4). While our method is conceptually
based on previous work (26), our approach demanded significant
reengineering and methods development to address the complexity
and scale of the human IDR-ome, as detailed in the Methods
(SI Appendix, Figs. S5 and S6). We use standard Z-scores to
compare the observed distributions of molecular features in
homologous IDR sequences to those expected from simulations
of IDR sequences under a null hypothesis, which assumes no
evolutionary constraints on molecular features (S Appendix,
Figs. S3 and S4). We refer to a set of Z-scores for all molecular
features as an evolutionary signature of an IDR, which represents
the pattern of conserved molecular features. Positive Z-scores
indicate a feature value greater than expected under the null
hypothesis (i.e., the simulations), while negative Z-scores indicate
a feature value smaller than expected (SI Appendix, Figs. S3 and
S4). Negative Z-scores can suggest cither depletion of a feature
(e.g., selection against hydrophobic residues) or a strongly negative
value (e.g., selection for a net charge far below the expectation).
After filtering the human IDR-ome, we computed evolutionary
signatures for 19,032 IDRs (87 Appendix, SI Methods) and per-
formed hierarchical clustering to identify groups of IDRs that
share patterns of conservation (Fig. 14) (76). In this global map
of the IDR-ome (Fig. 14 and S/ Appendix, Fig. S7), IDRs that
have similar evolutionary signatures are placed closer to one
another. To test the importance of evolutionary conservation, we
also generated a “features-only” signature (FS) representation in
which we computed and normalized features of the human IDR
sequences only, without any considerations of orthologous IDR
sequences and evolutionary conservation of features (S Appendix,
Fig. $8). Clustering this features-only representation produced a
sparser and more fragmented map than the map based on evolu-
tionary conservation (S Appendix, Fig. S8). We hypothesize that
similarity in the evolutionary patterns of molecular features is
analogous to sequence similarity detected in alignments for folded
protein regions [e.g., by using PSI-BLAST (77)]. Our IDR-ome
map reveals many clusters of IDRs, which are defined by distinct
patterns of conserved molecular features, i.e., evolutionary signa-

tures (Fig. 1 and ST Appendix, Fig. S7).
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Assigning Gene Ontology to Clusters of IDRs. To test if the
patterns of conservation of molecular features are associated with
specific biological functions of proteins, we performed standard
enrichment analysis for the GO annotations on the proteins
containing IDRs that cluster together on the map (87 Appendix,
SI Methods). First, we manually selected 93 clusters from the map,
focusing on patterns of Z-score signals. Among these clusters,
53 (i.e., 57% of the clusters) exhibited overrepresentation of at
least one GO term. The 53 clusters amounted to 9,294 IDRs
(i.e., 49% of the human IDR-ome), and represent diverse GO
terms (Dataset S2 and S/ Appendix, Fig. S7). In contrast, in the
randomized GO-assignment control, only 16 clusters (4%)
showed any GO term overrepresentation. To confirm that the
widespread overrepresentation of GO terms was not due to bias
in manual selection of clusters, we repeated the analysis using
automatically defined clusters and found qualitatively similar
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Fig. 1. A global map of human IDRs ob-
tained through clustering of evolutionary
signatures. (A) Hierarchical clustering of
19,032 human IDRs (y-axis) based on the
evolutionary conservation of 144 different
molecular features (x-axis). The molecular
features are grouped into six different cat-
egories (physicochemical, repeats, SLiMs,
homorepeats, condensates, or composi-
tional biases). This global map of the human
IDR-ome shows conservation Z-scores, with
some of the dominant molecular features
annotated with white circles and numbers,
described in the legend (Right). A positive
or negative Z-score, respectively, is defined
by a higher or lower value of a mean of a
molecular feature over orthologous IDRs
than expected based on a simulation of
an absence of evolutionary conservation.
White rectangles indicate areas of selected
clusters featured in panel B. (B) Clusters that
are defined by strong patterns of Z-scores
often contain a statistically significant over-
representation of GO-term molecular func-
tions, biological processes, and/or subcel-
lular localizations, as listed here for select
examples in areas (i), (i), (iii), and (iv) from
the panel A. A detailed view of statistically
overrepresented terms and features for the
rest of the map are available in S/ Appendix,
Fig. S7. Complete information on statistics
of functional overrepresentation associat-
ed with each cluster selected manually or
extracted using an automatic protocol are
available in Dataset S2.

overrepresentations to those observed in the manually identified
clusters (Datasets S2 and S3 and SI Appendix, Figs. S9 and S10
and 87 Methods). This analysis revealed that evolutionary conserved
IDR properties are consistently found in proteins associated with
specific GO annotations, indicating proteome-wide association
between IDR feature patterns and the biological roles of their
host proteins. We also tested whether features obtained from
human sequences alone were associated with GO terms and found
broadly similar fractions of GO-term enrichments (S/ Appendix,
Fig. S8). This is consistent with recent studies that find human
IDR feature analysis is sufficient to classify many types of IDRs
(78, 79) (Discussion).

To obtain a global picture of the types of biological functions
that human proteins bearing IDRs with specific properties have,
we defined around 20 broader categories that, with some overlap,
cover most overrepresented GO terms linked to various clusters

https://doi.org/10.1073/pnas.2604562123 3 of 12


http://www.pnas.org/lookup/doi/10.1073/pnas.2604562123#supplementary-materials
http://www.pnas.org/lookup/doi/10.1073/pnas.2604562123#supplementary-materials
http://www.pnas.org/lookup/doi/10.1073/pnas.2604562123#supplementary-materials
http://www.pnas.org/lookup/doi/10.1073/pnas.2604562123#supplementary-materials
http://www.pnas.org/lookup/doi/10.1073/pnas.2604562123#supplementary-materials
http://www.pnas.org/lookup/doi/10.1073/pnas.2604562123#supplementary-materials
http://www.pnas.org/lookup/doi/10.1073/pnas.2604562123#supplementary-materials
http://www.pnas.org/lookup/doi/10.1073/pnas.2604562123#supplementary-materials
http://www.pnas.org/lookup/doi/10.1073/pnas.2604562123#supplementary-materials
http://www.pnas.org/lookup/doi/10.1073/pnas.2604562123#supplementary-materials
http://www.pnas.org/lookup/doi/10.1073/pnas.2604562123#supplementary-materials
http://www.pnas.org/lookup/doi/10.1073/pnas.2604562123#supplementary-materials
http://www.pnas.org/lookup/doi/10.1073/pnas.2604562123#supplementary-materials

Downloaded from https://www.pnas.org by DEUTSCHES KREBSFORSCHUNGSZENTRUM DKFZ-HGF on June 11, 2026 from |P address 146.107.213.240.

4 0f 12

(SI Appendix, Fig. 89 and Dataset S2). We defined those categories
by grouping related overrepresented GO terms, as detailed in the
SI Appendix, SI Methods. Some of the most populated clusters are
associated with DNA binding (23%), Chromatin/Chromatin
binding (33%), RNA metabolism (22%), Cytoskeleton (12%),
Signaling  (11%), Transmembrane transport (7%), and
Reproduction (7%) (SI Appendix, Fig. S9), which are molecular
functions and cellular processes frequently attributed to proteins
containing IDRs (e.g., transcription factors, splicing factors, and
signaling proteins). We also take note of some less widespread,
but significantly overrepresented terms from the IDR-ome-based
map, such as those associated with “histone modifications” (4%),
“cell morphogenesis” (2%), “innate immune response” (2%),
“nuclear pore complex” (1%) and “clathrin binding” (1%)
(81 Appendix, Fig. S9). Focusing on overrepresented molecular
features in the GO-term enriched clusters (Dataset S2), we find
that the IDRs of RNA-associated proteins are enriched in con-
served Arg-Gly/Arg-Gly-Gly (RG/RGG) motifs, Lys (K) content
and K homorepeats, Arg (R) and Arg+Tyr (R +Y) content, as well
as homorepeats of acidic residues [Asp (D), Glu (E)], all of which
is in line with features of IDRs typically associated with phase
separation, as many RNA-associated proteins interact with RNA
in the context of biomolecular condensates (44, 80-82). In this
case, the function of these IDRs is likely due to their direct role
in RNA binding. For the IDRs associated with transmembrane
transport protein GO terms, we note that many of these IDRs
belong to G protein—coupled receptors (GPCRs) (Dataset S2).
While these IDRs may not be directly related to receptor function,
we believe that they are likely involved in trafficking of the recep-
tors to the membrane. Consistent with this, GPCR IDRs show
strong signals for glycosylation motifs (83). We also find clusters
showing enrichment for categories not typically linked to IDRs,
e.g., development, cell morphogenesis, extracellular space, and
lipase activity (S Appendix, Figs. S7 and S9), suggesting that there
may be specific roles for IDRs in these biological processes that
are not currently appreciated. To assess whether these results are
sensitive to the 30-residue threshold used to define IDRs, we
repeated our analysis using a cut-off of at least 40 consecutive
disordered residues and found similar results (SIAppendix,
Fig. S11). We also observed consistent patterns of GO term over-
representation when applying alternative clustering methods (aver-
age and complete linkage; SI Appendix, Fig. $12).

Finally, the IDR-ome map offers functional hypotheses for 878
IDR-containing proteins of unknown function, nearly half of
which cluster with proteins that share significant GO-term over-
representations, suggesting a sequence-based strategy for their
characterization (8] Appendix).

IDR Evolutionary Signatures Predict Protein GO Functions and
Subcellular Localization. Next, we tested whether a systematic
classification of protein function and subcellular localization across
the human proteome could be achieved based on evolutionary
conserved molecular features of IDRs. To this end, we applied
a machine-learning approach termed Feature Analysis of IDR
(FAIDR) (27) (Fig. 2). FAIDR assigns individual IDRs to specific
GO terms, subcellular localizations, or other, user-defined
categories, and simultaneously identifies a sparse set of IDR
molecular features that are predictive for each category. We trained
FAIDR on evolutionary signatures of human IDRs and GO-
terms for molecular functions, biological processes, and cellular
localizations, which were available on a per-protein level. When a
protein contains multiple IDRs, FAIDR can be used to single out
the IDR with the highest posterior probability of being responsible
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for the prediction of a particular functional category. We note that
these annotations of function to IDRs are correlative. For example,
Q-rich IDRs are often annotated to “transcription factor activity”
and “sequence specific DNA-binding.” In this case, the Q-rich
IDRs are very likely to be the activation domains of transcription
factors and sequence-specific DNA binding is annotated to the
entire proteins because these proteins also contain DNA-binding
domains. Similarly, SR-rich IDRs are often annotated to “RNA-
splicing” or “nuclear speckle.” While the IDRs in these proteins
are unlikely to carry out the enzymatic steps of RNA splicing, they
can facilitate localization to the nuclear speckle (84).

We first obtained predictions for protein association with GO
terms based solely on evolutionary signatures of IDRs by aggre-
gating IDR-specific predictions to a per-protein prediction using
the FAIDR framework (27). To get an unbiased estimate of the
predictive power, we did a protein-level cross-validation such that
all IDRs belonging to a subset of proteins were held out during
model training. Protein-level scores were then derived by aggre-
gating these out-of-fold IDR predictions, which ensured that the
evaluation was independent of the training data. Protein-level GO
associations showed strong classification performance for certain
terms, such as “nucleolus,” “spliceosomal complex,” and “GPCR
activity” (AUC values of 0.7 or higher, with corresponding PPVs
at 0.35 or above) (Fig. 2 A and B). Furthermore, “histone binding”
was one of the top-performing terms with an AUC of 0.83
(Fig. 2B). As expected, the positively predictive molecular features
of the “histone binding” model align with those overrepresented
in the clusters enriched for this term, but these molecular features
are distributed across multiple clusters, with alanine content over-
represented in one “histone binding” cluster and dilysine repeats,
along with aspartate- and glutamate-homorepeats, dominating
signals in other cluster(s). This underscores the complementary
insights that can be derived from an unbiased, unsupervised clus-
tering analysis (Fig. 1 and ST Appendix, Fig. S7) and the supervised
FAIDR approach (Fig. 2). Strong protein-level associations were
also found for “extracellular matrix” (AUC=0.82), “mRNA pro-
cessing” (0.78), “GTPase regulator activity” (0.77), “centrosome”
(0.75), “actin binding” (0.75), “endopeptidase activity” (0.73),
and “mitotic cell cycle” (0.70) (Fig. 2 A and B). The GO terms
that we could not reliably predict based on evolutionary signatures
of IDRs, were not considered further (Dataset S6).

To better understand the combinations of molecular features
of IDRs that are associated with protein GO annotations, we
clustered the FAIDR t-statistic to examine the predictive molec-
ular features for various GO terms (Fig. 2C) and those that are
shared between the most commonly co-occurring terms
(SI Appendix, Fig. S13). For instance, among several molecular
features that are positively correlated with and predictive of GO
terms associated with transcription, we note a high positive
Z-score for Pinl WW domain-binding motifs (DOC_WW_
Pinl_4) and for specific SUMOylation motifs, such as KEPE and
SUMO-1 (Fig. 2D, cluster 7, and SI Appendix). We discuss these
features and other specific examples in the SI Appendix.

Next, for 146 high-confidence protein-level GO terms (AUC
> 0.7; PPV = 0.35, SIAppendix, SI Methods), we provide
IDR-specific annotations of function as a resource (Fig. 24 and
Dataset S6). To generate these, we computed IDR-level probabil-
ities for association with each GO term using FAIDR (SI Appendix,
SI Methods). For each term, we chose a probability threshold
cut-off so that a maximum of 1% of IDRs found in proteins not
annotated to that term were above the cut-off. To estimate internal
consistency of the IDR-level predictions, we retrained the FAIDR
models 100 times for each term and report the fraction of runs in
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which each GO term was assigned to each IDR (Dataset S6—Tab
D). When an IDR is consistently associated with a GO term
missing from the protein’s current GO annotation, we define this
as a “new’ prediction for that IDR. For IDRs belonging to pro-
teins already linked to the GO term, the IDR-level prediction
remains valuable, because it provides subprotein localization of
the annotation. Nonetheless, we consider such IDR annotations
as “known” for the following analysis. We find that for most cat-
egories, we can predict new GO term associations for 5 to 10-fold
more IDRs than currently annotated proteins, opening avenues
for future hypothesis-driven validation studies (Fig. 2F and
Dataset S6—Tab E). Based on our estimated upper bound on the
false discovery rate (FDR) of the predictions, even if none of our
new predictions were correct, the false discovery rates fall between
0.8 and 0.9 for most terms (Dataset S6—Tab E). This implies that

PNAS 2026 Vol.123 No.21 2604562123

146 GO terms

threshold consistently across 90 or more of 100
independent FAIDR repetitions. Gray bars indicate the
number of “Known” annotations. An annotation of an
IDR to a GO term is considered as “Known" if the protein
from which the IDR originates has been previously
associated with the term. If the GO term was predicted
for an IDR of a protein not previously annotated with
that term, the annotation was considered “New”
(SI Appendix, Fig. S14).

testing 5 to 10 IDRs would likely yield at least one functional
validation. Even with these FDRs, we believe that the IDR-level
predictions will be useful to biologists, because there are currently
few sequence-based approaches to obtain hypotheses about the
diverse biological functions of IDRs (Discussion). Finally, we con-
densed the 146 GO terms into a smaller, nonredundant set of a
few representative terms by clustering the IDR-level GO-term
predictions based on Jaccard similarity (Dataset S6—Tab E and
SI Appendix, Fig. S14 and ST Methods). We identified 25 distinct
functional clusters and selected a representative term for each
based on the lowest FDR (87 Appendix, Fig. S14 and Dataset S6—
Tab F). This representative set of GO terms spans a broad func-
tional landscape, including processes such as “RNA binding,”
“mitotic cell cycle,” “G-protein coupled receptor activity,” and
“cytoskeleton organization.” These high-confidence IDR-level
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predictions (20.9 consistency) expand the annotated sets by
sixfold on average. The prioritized assignments in Dataset S6—
Tab D provide a starting point for IDR-specific experimental
validation.

Disease-Associated IDRs in the Global Human IDR-ome Map.
The map of the human IDR-ome also reveals molecular features
of IDRs encoded by genes associated with different pathologies.
Previously, we reported the enrichment of intrinsic disorder
in genes related to complex diseases, such as autism-spectrum
disorder (ASD) and cancer (43). Here, we asked whether our
map of the human IDR-ome contains regions in which proteins
encoded by genes associated with these diseases are overrepresented
and, if so, what types of conserved sequence features characterize
their IDRs. We found several clusters of different sizes that contain
significant overrepresentation of ASD-risk and cancer genes
(Dataset S7). At least eight of the clusters contain 10-fold or
higher overrepresentation in ASD-risk or cancer-associated genes
(P-values < 0.05, Dataset S7), and most of these clusters are not
associated with any overrepresented GO terms.

Increased conservation of Q and H residue content is evident
in several clusters of IDRs encoded by disease-associated genes,
some of which are known to be involved in transcriptional regu-
lation. Consistent with this, conservation of the same features was
found to be predictive of autism-risk genes by FAIDR (see below).
We also note a link between clusters showing enrichment in cancer
census genes and stress-granules (Dataset S7), indicating a possible
association between dysregulated stress granule formation and
cancer. Moreover, some ASD-linked IDRs cluster closely with
cancer-linked ones, which likely reflects shared processes of these
IDR-containing proteins, such as transcriptional regulation (43).
Our results suggest that evolutionary signatures of IDRs could
improve our understanding of disease-linked genes that encode
proteins with substantial intrinsic disorder.

Identifying the Molecular Features that Impart Specificity to
Biomolecular Condensates. In cells, many different proteins
partition into distinct biomolecular condensates (85-87).
Although classifiers have been developed to predict protein
association with biomolecular condensates (88—92), the molecular
properties that drive the specificity and composition of different
condensates are less well understood. We asked whether we
could identify the molecular features of human IDRs that are
predictive of specific condensate localization. We trained FAIDR
on IDR-containing proteins that are known to associate with
stress granules (7 = 229), nuclear speckles (7 = 165), or nucleoli
(7 =519) based on experimentally derived datasets (SI Appendix,
SI Methods). Examining performance across distinct datasets,
obtained from Gene Ontology annotations (571 IDRs from 553
proteins, S Appendix, SI Methods), revealed that evolutionary
signatures of IDRs predict compartmentalization with moderate
power (Fig. 34), yielding AUC values of 0.69, 0.66, and 0.73 for
stress granules, nuclear speckles, and nucleoli, respectively. The
top 10% of IDR-containing proteins that we predict to associate
with stress granules, nucleoli, and nuclear speckles are provided
in Dataset S7—Tab E.

We aim to reveal features of IDRs that are characteristic of
specific condensates. Accordingly, our method relies exclusively
on IDR sequences for these predictions, in contrast to
state-of-the-art condensate classification methods that use entire
protein sequences (79, 93, 94). To explore the underlying molec-
ular properties of IDRs that might underlie the specificity for
different condensates, we compared the features of IDRs selected
by the FAIDR classifiers for nuclear speckles and nucleoli (Fig. 3B).

https://doi.org/10.1073/pnas.2604562123

As expected, both models identified that nuclear localization sig-
nals (NLS) are important for IDRs that localize to both the nucle-
olus and nuclear speckle (Fig. 3B), as well as an increased presence
of SUMOylation sites and a decreased overall hydropathy. For
nuclear speckles, we find pY ligands of the SH2 domain NCK-1,
Ser/Arg repeats, CDK and PKB phosphorylation sites, DYRK
kinase ligands, and homorepeats of Gly, Gln, and Pro (Fig. 3B).
Indeed, nuclear speckle proteins are highly phosphorylated and
enriched in Ser/Arg repeats (95, 96). Thus, our FAIDR model for
nuclear speckle correctly identifies Ser/Arg repeats, and multiple
phosphorylation motifs as distinguishing features of IDRs found
in nuclear speckle-associated proteins, although some of these are
likely to be correlates, while others may be sufficient determinants
of partitioning to nuclear speckles (Fig. 3B).

For IDRs of proteins that localize to stress granules, the overall
pattern of conserved molecular features differs from those of the
nuclear condensates (Fig. 3B). Our model identifies strong enrich-
ments in RGG motifs, FG-rich motifs, PDZ domain ligands, and
KEAP1-binding degrons (Fig. 3B). Multiple sets of experimental
evidence confirm that these motifs are abundant in stress
granule-containing IDRs (81, 97), such as PRRC2A, which con-
tains several RG and FG motifs. KEAP1 is an adaptor protein that
associates with the E3 ubiquitin ligase CUL3, and the positive
association of KEAP1-binding degrons is particularly interesting
in the context of recent works reporting on roles of ubiquitylation
on stress granule dynamics (98, 99). Other enrichments in bulk
properties include isoelectric point; sequence charge decoration;
content of Trp, Asn, Ala, and Gln; dipeptide repeats NN and DD;
and homorepeats of Gln, Gly, and Thr (Fig. 3B). A strong negative
signal for the property omega (100) suggests selection for
well-mixed patterning of charged and Pro residues relative to all
other residues (as opposed to blocky patterning) in stress
granule-associating IDRs (Fig. 3B). Interestingly, while a signifi-
cant depletion in classical NLS is detected for stress granule IDRs,
a strong enrichment is found for Pro-Tyr NLS (PY-NLS) (Fig. 3B),
which at first glance appears counterintuitive with the cytoplasmic
localization of stress granules. However, the stress granule-associated
proteins FUS, EWS, and TAF-15, which all harbor PY-NLS
motifs that are adjacent to RGG motifs, shuttle between the
nucleus and cytoplasm in an Arg methylation-dependent manner
(101). Other IDR-rich proteins with PY-NLSs also undergo
nucleocytoplasmic shuttling, including hnRNPA1 and hnRNPA2
that harbor RGG motifs near the PY-NLS (102). Thus, evolu-
tionarily conserved molecular features within IDRs are predictive
of the differential localization of proteins to distinct condensates,
but our models, like any machine-learning approach, identify
statistical associations rather than causal determinants. IDR-
mediated enrichment can arise from multiple mechanisms, includ-
ing minimizing exclusion from a given environment, complement-
ing interactions mediated by structured domains, or contributing
to multivalent scaffolding, rather than from one specificity code
encoded in IDRs alone. Consequently, the FAIDR-identified fea-
tures should be interpreted as correlates of compartmentalization
rather than sufficient determinants of recruitment, particularly in
multilayered condensates with distinct microenvironments such
as the nucleolus, nuclear speckle, and stress granule (103).

Leveraging Evolutionary Signatures to Discover Condensate-
and Disease-Associated Proteins. To test the predictive power
of FAIDR to discover new condensate-associated proteins based
on molecular features of IDRs, we filtered our predictions of
proteins associated with the nuclear speckle, nucleolus, and stress
granule (Fig. 3C), and focused on proteins that were not involved
in training. We correctly identify 14 (PPV 70%), 18 (PPV 90%),
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and 12 (PPV 60%) of the top-20 scoring proteins associated with
the nucleolus, stress granule, and nuclear speckle, respectively. This
performance is comparable to the 87.5% of condensate-associated
proteins predicted by the PICNIC model that were experimentally
validated (94). Experimental evidence in The Human Protein
Atlas (104) or elsewhere in the literature provides independent
validation of FAIDR predicted condensate localization (Fig. 3C).
For example, based on our FAIDR predictions among the top
scoring proteins in the nuclear speckle are THRAP3, GPATCHS,
SREK1, LUCY7L, and SCAF11, all of which are annotated with
nuclear speckle localization by The Human Protein Atlas (Fig. 3C).
For the nucleolus, the IDR-containing proteins NOLC1, MKI67,
NOP56, PUM3, and TOP1 are all predicted as nucleolar and

PNAS 2026 Vol.123 No.21 2604562123

validated by literature reports (105-109) but were not in our
training data. Finally, for the stress granule, FAIDR gives high
predictive scores to the proteins PRRC2A, DDX3Y, TNRCG6B,
TAF15, and KHDRBS1 (Fig. 3C), all of which are listed as “gold
standard” category (tier 1) components of stress granules in the
RNA Granule Database (110) but were not in our training data.

We visualized the evolutionary signatures of IDRs for the
top-scoring proteins predicted to localize to the nucleolus or stress
granule (Fig. 3C and Dataset S7—Tab E). In this representation,
we compare the molecular features of individual IDRs that FAIDR
assigns the highest posterior probability of association with a given
condensate. For instance, [FR]G motifs in stress granule IDRs are
strongly enriched overall (Fig. 3B) and in four of the five examples
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in Fig. 3C. Even though TNRC6B exhibits no evolutionary selec-
tion on (FR)G muotifs, the remaining molecular features are highly
similar to those of IDRs of other stress granule-localizing proteins
(Fig. 3C). Presumably, the absence of evolutionary selection for [FR]
G motifs in TNRC6B does not preclude its stress granule localiza-
tion; instead, it is likely that other molecular properties function in
a compensatory manner, e.g., the observed enrichments in G repeats
or RGG motifs. Similar trends are seen for the nucleolus-localizing
IDRs, where the overall pattern of molecular features in each IDR
is similar, even if slight differences exist (e.g., no enrichment in Gln
content for NOLCI, Fig. 3C). As an example, the nucleolar protein
GTF2F1 contains a strong enrichment in RGG motifs, which are
selected for in stress granule-localizing IDRs (Fig. 3B) and could
hint toward an alternative localization for GTF2F1. Indeed, recent
experimental evidence confirms that an interacting partner of
GTF2F1, GTF2B, shuttles between the nucleus and stress granules
(111). Thus, examination of the molecular signatures for individual
IDRs can provide additional insight into the molecular properties
and localization of these IDR-containing proteins.

To test whether we could apply a similar approach to
disease-associated IDRs, we trained FAIDR using a curated set of
IDRs from ASD-risk genes identified by Satterstrom et al. (112),
and then applied the model to predict ASK-risk genes
proteome-wide (SI Appendix, SI Methods). Through leave-one-out
validation, FAIDR could retrieve 34% of known ASD-risk genes
(recall = 0.34), with a PPV of 0.4. Notably, among the top 10%
of predicted risk genes across the proteome, we identified several
genes newly added to the Simons Foundation Autism Research
Initiative (SFARI) database in 2023 (113) (Dataset S7).
Remarkably, these and other novel predictions indicate that a
model based on IDR features alone could offer predictive power

for identifying new ASD-risk genes.

IDR Evolutionary Signatures Distinguish Patterns in Protein-
Protein Interaction Networks. We next investigated whether
clustering of IDRs based on evolutionary signatures provides
insight into patterns of protein—protein interactions (Fig. 44).
We first focused on the conservation of SLiMs, which are
typically <10 amino acid segments within IDRs that mediate
transient, often low-aflinity interactions with peptide-binding
domains (114). We hypothesized that proteins bearing IDRs
with conserved SLiMs would be more likely to interact with
proteins containing canonical SLiM-binding domains. To test
this, we restricted our analysis to SLiM conservation Z-scores,
which analyzes the presence of the motif over the whole IDR
rather than its position within the IDR. Based on the SLiM Z-
scores, we reclustered the IDRs into a “SLiM conservation map.”
We selected 29 clusters strongly dominated by the conservation
of specific SLiMs. Each cluster was labeled by the predominant
conserved SLiM (Dataset S8).

For each SLiM cluster, we retrieved the interaction partners of
the cluster members from the BioGRID (115) database and tested
whether these interactors were enriched in canonical binding
domains for the conserved SLiMs, relative to randomly drawn
protein sets (Fig. 4B). In 17 of the 29 SLiM-based clusters, we
observed significant enrichment (Benjamini—~Hochberg adjusted
P-value < 0.05) for the corresponding binding domains (Fig. 4C
and Dataset S8). For example, clusters dominated by proline-rich
SH3-binding motifs showed significant enrichment for SH3
domains among their interactors, with SH3 domains occurring
nearly twice as frequently as in random sets. Similar enrichment
was observed for clusters with several SH2-binding motifs and
SH2 domains, and for clusters with phosphotyrosine-binding
(PTB) motifs and PTB domains (Fig. 4C).

https://doi.org/10.1073/pnas.2604562123

Additional enrichments included WD domains in interactors
of IDRs with conserved phosphodegrons (e.g., SCF and APC/C
recognition motifs), and protein kinase domains in interactors of
IDRs with conserved MAP kinase docking motifs. In contrast,
we did not observe significant enrichment for interactors bearing
domains associated with SLiMs implicated in N-glycosylation,
N-myristoylation, SUMOylation, or phosphatase docking. We
note that, for these motifs, the total number of domain-containing
interactors was very low, resulting in insufficient statistical power
to detect significant enrichments (Fig. 4C and Dataset S8). This
result may also reflect limited coverage of modifying enzymatic
domains in protein—protein interaction database due to the tran-
sient nature of interactions with modifying enzymes, such as gly-
cosyltransferases or phosphatases. In contrast to canonical
SLiM-binding domains like SH3, SH2, and PTB, which mediate
repeated motif recognition in scaffolding or signaling contexts,
enzyme—substrate interactions are often short-lived and may not
drive the same patterns of interaction modes when compared to
classical SLiM-binding domains.

Next, we asked whether proteins in the same cluster are i) more
likely to share interaction partners and ii) more likely to interact
with each other, compared to random protein samples of the same
size as the clusters (Fig. 4 A and D—F). We assessed this across all
clusters extracted from the full IDR-ome map in an automatic
fashion (Dataset S2 and Fig. 4D), the clusters from the SLiM
conservation map (Fig. 4E), and clusters enriched in proteins
known to localize to specific condensates (Dataset S7). We found
that while both SLiM-based and condensate-related clusters tend
to share interactors, proteins in condensate-related clusters were
more likely to interact with each other. This supports our previous
results indicating that we are capturing conserved features that
distinguish IDRs localized to particular biomolecular condensates.
Repeating this analysis across all automatically defined clusters
from the functional map (distance cut-off 0.7), only a smaller
subset of clusters showed a significant excess of within-cluster
interactions (Z-score > 3) relative to expectation. These clusters
were frequently enriched for GO terms related to biomolecular
condensates, such as RNA processing, chromatin regulation, and
stress granule assembly, consistent with analysis of specific
condensate-related clusters (Fig. 4F and Dataset S7).

In conclusion, evolutionary signatures of SLiM conservation in
IDRs are associated with an increased prevalence of SLiM-binding
domains among the interaction partners, while clusters of
IDRs related to biomolecular condensates feature many shared
interactions. These different patterns of protein interactions for
SLiM-recognition domains (IDR-to-folded partner) and conden-
sates (IDRs to other similar IDRs) could reflect the different types
of protein complexes these IDRs form. Although both types of
protein interactions are likely to be transient and relatively weak,
we speculate that the difference in pattern arises from either the
multivalency or lower specificity of the condensate IDR-mediated
interactions such that they interact with many similar partners.

Discussion

We measured evolutionary conservation of nearly 150 bulk molec-
ular features (26) (Dataset S1), including motif and repeat content
and diverse physicochemical properties, in nearly 20,000 human
IDRs (76). Using both clustering (Fig. 1 and SI Appendix, Fig. S7)
and classification (Figs. 2 and 3 and SI Appendix, Fig. S13), we
show that combinations of the conserved IDR molecular features
correlate with specific protein-level functional annotations and
subcellular localizations. Hence, by recasting the sequences of
IDRs into evolutionary conserved molecular features, we identify
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Fig. 4. Evolutionary signatures of IDRs underlie
interaction network features. (A) Schematic outline
of the analysis. Protein-protein interaction data from
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proteome-wide associations between IDR features and the bio-
logical roles of their host proteins. Our results lend further support
to the idea that selection for or against specific features suggests a
link between biological function and IDR sequence, as previously
established for budding yeast and Drosophila IDRs (26, 116).
Indeed, our feature-based concept has been increasingly recog-
nized and used to gain further insight into function and localiza-
tion of IDR-containing proteins (58, 97, 117-119). We note here
that even though we identify IDR properties correlated with spe-
cific functional terms, we cannot infer from the GO associations
alone that IDRs independently carry out the respective functions.
In some cases, the GO terms can describe protein functions that
are expected to be largely mediated by the IDR (e.g., FG-repeats
of nucleoporins in nuclear transport). However, in other cases,
the terms describe functionalities that likely arise from contribu-
tions of both the IDR and structured domains (e.g., terms related
to transcriptional regulation).

Using the patterns of conservation in IDRs, we established
a “map” of the human IDR-ome, in which we can explore
groups of IDRs with similar function or location. The map of
the human IDR-ome introduced here represents a resource for
discovery of functional elements for vast parts of the human
proteome that have thus far eluded standard bioinformatic
approaches (S7 Appendix, Fig. S1). We find that the map of the
human IDR-ome recapitulates some known biological func-
tions or processes mediated by IDR-containing proteins, such
as overrepresentation of GO terms related to DNA- and
RNA-binding, but also sheds light on new or underappreciated
functions of IDRs, including their involvement in development
and transmembrane transport. For around 40% of the clusters,
there are no known GO term enrichments, which likely reflects
some of the biases and difficulties associated with functional
annotation (120), particularly for proteins having a large
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fraction of disordered residues. Importantly, the “unexplored”
clusters of IDRs with similar conserved molecular features but
no enriched functional terms are prime candidates for discov-
ering new biology.

Although certain IDRs cluster together and patterns of evolu-
tionary conservation are associated with biological functions, the
clusters alone do not select the features that are most associated
with each function. Which of the evolutionary conserved molec-
ular features are most associated with function? In full-length
proteins with multiple IDRs, do one or more of the IDR contrib-
ute to the biological function? To answer these questions, we used
FAIDR (27) to predict association with 146 different GO terms
across the human IDR-ome (Fig. 2, ST Appendix, Fig. S14, and
Dataset S6). Our predictions reflect the rich complexity of
IDR-associated functions and support discovery and contrasting
of IDR features strongly associated with different IDR functional
categories (Fig. 2C and SI Appendix, Fig. S13).

A limitation of our approach [and other current IDR classifi-
cation efforts (78, 79, 121)] is that most IDR predictors provide
information for binary classification, i.e., considering each residue
as either disordered or not. Thus, disorder predictors usually do
not discriminate between IDR segments with distinct properties
that could support separate functions. Proximal, adjacent IDRs
are expected to be merged into one long IDR, which is expected
to “dilute” the sequence properties and create complicated
“hybrid” IDR signatures. Because the number of possible combi-
nations of different kinds of adjacent IDRs is large, it is unlikely
that such “hybridization” would drive strong clustering. In con-
trast “mixed signatures” are more likely to be unique rather than
forming coherent clusters. We also find that longer IDRs accu-
mulate more extreme Z-scores simply due to increased statistical
power to detect deviations from our simulations, but we mitigate
this issue by using uncentered correlation (cosine similarity)
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during clustering, which reduces sensitivity to Z-score magnitude.
We therefore see broad mixing of IDRs of different lengths across
clusters (SI Appendix, Fig. S15). More principled segmentation of
IDRs that can distinguish between the many types of functional
IDRs is an important direction for future work (122).

Our initial functional map of the human IDRs stands to be
improved in additional ways. First, our current map is based on
a curated list of molecular features that is limited in scope. We
note that widespread association of bulk molecular properties in
IDRs with diverse biological functions suggests that the evolu-
tionary characterization of IDRs could be expanded in scope with
additional biophysical properties. Recent investigations into the
structural ensembles of the human IDR-ome through coarse-grained
molecular dynamics simulations have revealed correlations between
chain compaction and biological function (123, 124). Here, by
considering the evolutionary conservation of sequence-based molec-
ular features, we observed significant and widespread overrepresenta-
tion of GO terms in nearly 50% of human IDRs. We anticipate
that placing IDRs within a higher-dimensional evolutionary and
biophysical space will advance our comprehension of the molecular
bases of cellular function of IDRs (19). The list of relevant molecular
features will likely increase in the future, and efforts have already
been taken to discover functionally relevant features in a systematic
and unbiased way using self-supervised deep learning approaches
(29). Second, we used a combination of unsupervised (clustering)
and supervised (classification using FAIDR) analyses to make pre-
dictions about IDR function. In part, we rely on this two-stage
approach because the number of IDRs with some known function
(such as those found in the nuclear pore, Fig. 1) is too small (7 =
64) to train a standard supervised classifier in a space of nearly
150 features. In fact, for most GO categories due to a small num-
ber of positive examples relative to the scale of the proteome, we
found that the false discovery rates for individual IDR predictions
at the proteome scale might be too high. Future approaches such
as semisupervised, transfer-learning, or data augmentation (29,
125-127) approaches will likely address these challenges.

Understanding the impact of disease mutations in IDRs is a
key area of research. Outside of IDRs with strong positional align-
ments, which often conditionally fold (40, 41), it is challenging
to interpret disease-associated mutations that map to IDRs, which
have no stable tertiary structure and, by corollary, limited posi-
tional sequence conservation. Here, we looked at overrepresenta-
tion of genes involved in two diseases in which IDRs feature
prominently, autism spectrum disorder (ASD) and cancer (43).
The map of the human IDR-ome reveals specific clusters that show
significant enrichments in ASD-risk and cancer census genes.
Based on these results, we hypothesize that mutations that disrupt
conserved features of IDRs in those clusters are more likely to have
a pathological impact, a focus of our future research. Functional
prediction within IDRs at the residue level is a rapidly growing
research area (30, 128). However, the efforts thus far focused on
relatively few broad functions, such as protein binding, DNA bind-
ing, RNA binding, and linker or “entropic chain,” “assembler,”
“scavenger,” “effector,” “display site,” “chaperone” (28), Residue-level
prediction approaches that can more closely approach the diversity
of IDR function we observed in the proteome (Figs. 2 and 3) hold
potential to improve the resolution of the initial map presented
here, leading to insight into the functional impact of disease
murtations.

An active area of IDR research focuses on the role of particular
IDRs in phase separation and formation of biomolecular conden-
sates (21, 129). How condensates achieve specificity and why certain
proteins localize to certain condensates are key questions. We use a
supervised classification approach to predict which proteins will

https://doi.org/10.1073/pnas.2604562123

localize to the nucleolus, nuclear speckle, or stress granule (AUC
values of ca. 0.7 on independent test sets) and reveal which con-
served molecular features of IDRs underlie those predictions. An
example showcasing the udility of our feature-based approach is
provided by the protein GTF2F1. While predicted to localize to
the nucleolus, GTF2F1 exhibits an enrichment in “RGG motifs,”
typically associated with stress granule-localizing IDRs. The dynamic
nature of GTF2F1’s binding partner, GTF2B, which shuttles
between the nucleus and stress granules (111) (c.f. ST Appendix,
Datasets S2 and S7 herein), suggests that GTF2F1 may also
undergo similar shifts in localization. The example illustrates how
our predictions could guide future experimental inquiries.

Our interaction network analyses revealed that IDRs with con-
served SLiMs are more likely to interact with proteins containing
canonical SLiM-binding domains, while clusters of IDRs associ-
ated with biomolecular condensates showed an increased tendency
for within-cluster interactions, consistent with the hypothesis that
their IDRs contribute to the multivalent interactions required for
condensate assembly and maintenance.

In summary, the human IDR-ome map presented here repre-
sents a vital resource for classifying vast regions of the human
proteome that have evaded systematic characterization. Our
resource facilitates the exploration of IDRs with similar functional
annotations or subcellular localization, elucidates the conserved
features underlying these annotations, and generates hypotheses
for testing both known and novel IDR functions. IDR clusters
that have shared conserved features but lack enriched GO terms
are candidate groups for further investigation. Our predictions of
IDR associations with various GO terms, along with the under-
lying features, provide a complementary resource for understand-
ing the relationship between IDR sequence and function and for
guiding further hypothesis-driven research efforts. Finally, predic-
tion of ASD-risk genes underscores the predictive power of con-
served IDR features and suggests a new direction for discovering
the molecular basis for IDR dysregulation in this complex disease.

Together, our work provides a comprehensive functional map
of the human IDR-ome based on evolutionary signatures. The
map reveals known and novel combinations of specific molecular
features that drive the rich complexity and promiscuous nature of
IDR functions.

Methods

Prediction of Intrinsic Disorder and Boundary Definition. The refer-
ence human proteome assembly was downloaded from UniProt (Proteome:
UP000005640) in August 2019. We note that "miniprotein” products of short
open reading frames, many of which are likely to contain IDRs, are increasingly
recognized as functionally important constituents of the human proteome (118).
However, such “miniproteins” are not yet included in the reference proteome and
were thus not considered here. SPOTD predictor v1.0 (66) was used to predict the
per-residue probability of intrinsic disorder for every protein sequence in the human
proteome. We used SPOTD v1.0 because it provided the closest agreement with
NMR-determined disordered content (130, 131) and is among the most accurate
predictors overall (22). A disorder probability above 0.5 was used to define disor-
dered residues. Only protein regions with 30 or more consecutive residues that were
predicted to be intrinsically disordered were considered as IDRs in all subsequent
analyses. The remaining methods are described in S/ Appendix, SI Methods.

Data, Materials, and Software Availability. This study made use of UniProt,
ENSEMBL, PANTHER, SFARI, BioGRID, RNA Granule Database, and Human Protein
Atlas databases, as specifically referenced throughout. Code and example files to
compute all the steps described in the methods are available on GitHub (https:/
github.com/IPritisanac/IDR_ES/) (76). The hierarchically clustered evolutionary
Z-scores of human IDRs (i.e., the functional map), tutorial on the exploratory and
automatic analysis of the map, IDR clusters, IDR-ome sequence and alignment
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files, FAIDR t-statistic, and target files for top predicted GO terms are available at
Zenodo (https://zenodo.org/records/10812875)(132). All other data are included
in the manuscript and/or supporting information.
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