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eLife assessment
In this useful study, a solid machine learning approach based on a broad set of systems to predict 
the R2 relaxation rates of residues in intrinsically disordered proteins (IDPs) is described. The ability 
to predict the patterns of R2 will be helpful to guide experimental studies of IDPs. A potential weak-
ness is that the predicted R2 values may include both fast and slow motions, thus the predictions 
provide only limited new physical insights into the nature of the underlying protein dynamics, such 
as the most relevant timescale.

Abstract How the sequences of intrinsically disordered proteins (IDPs) code for functions is still 
an enigma. Dynamics, in particular residue-specific dynamics, holds crucial clues. Enormous efforts 
have been spent to characterize residue-specific dynamics of IDPs, mainly through NMR spin relax-
ation experiments. Here, we present a sequence-based method, SeqDYN, for predicting residue-
specific backbone dynamics of IDPs. SeqDYN employs a mathematical model with 21 parameters: 
one is a correlation length and 20 are the contributions of the amino acids to slow dynamics. 
Training on a set of 45 IDPs reveals aromatic, Arg, and long-branched aliphatic amino acids as the 
most active in slow dynamics whereas Gly and short polar amino acids as the least active. SeqDYN 
predictions not only provide an accurate and insightful characterization of sequence-dependent IDP 
dynamics but may also serve as indicators in a host of biophysical processes, including the propensi-
ties of IDP sequences to undergo phase separation.

Introduction
Intrinsically disordered proteins (IDPs) or regions (IDRs) do not have the luxury of a three-dimensional 
structure to help decipher the relationship between sequence and function. Instead, dynamics has 
emerged as a crucial link between sequence and function for IDPs (Dey et al., 2022). Nuclear magnetic 
resonance (NMR) spin relaxation is a uniquely powerful technique for characterizing IDP dynamics, 
capable of yielding residue-specific information (Camacho-Zarco et al., 2022). Backbone 15N relax-
ation experiments typically yield three parameters per residue: transverse relaxation rate (‍R2‍), longi-
tudinal relaxation rate (‍R1‍), and steady-state heteronuclear Overhauser enhancement (NOE). While all 
three parameters depend on ps-ns dynamics, ‍R2‍ is the one most affected by slower dynamics (10 s of 
ns to 1 μs). An increase in either the timescale or the amplitude of slower dynamics results in higher ‍R2‍. 
For IDPs, ‍R2‍ is also the parameter that exhibits the strongest dependence on sequence (Dey et al., 
2022; Camacho-Zarco et al., 2022).

‍R2‍ was noted early on as an important indicator of residual structure in the unfolded state of the 
structured protein lysozyme (Klein-Seetharaman et al., 2002). This property has since been measured 
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for many IDPs to provide insight into various biophysical processes. Just as the residual structure in the 
unfolded state biases the folding pathway of lysozyme (Klein-Seetharaman et al., 2002), a nascent 
α-helix in the free state of Sendai virus nucleoprotein C-terminal domain (Sev-NT), as indicated by 
highly elevated ‍R2‍ (Abyzov et al., 2016), biases the coupled binding and folding pathway in the 
presence of its target phosphoprotein (Schneider et  al., 2015). Local secondary structure prefor-
mation also facilitates the binding of yes-associated protein (YAP) with its target transcription factor 
(Feichtinger et al., 2022). Likewise a correlation has been found between ‍R2‍ in the free state and the 
membrane binding propensity of synaptobrevin-2: residues with elevated ‍R2‍ have increased propen-
sity for membrane binding (Lakomek et al., 2019). ‍R2‍ in the free state has also been used to uncover 
factors that promote liquid-liquid phase separation of IDPs. For example, a nascent α-helix (shown by 
elevated ‍R2‍) is important for the phase separation of the TDP-43 low-complexity domain, as both the 
deletion of the helical region and a helix-breaking mutation (Ala to Pro) abrogates phase separation 
(Conicella et al., 2016). Similarly, nascent α-helices in the free state of cytosolic abundant heat-soluble 
8 (CAHS-8), upon raising concentration and lowering temperature stabilize to form the core of fibrous 
gels (Malki et al., 2022). For the hnRNPA1 low-complexity domain (A1-LCD), aromatic residues giving 
rise to local peaks in ‍R2‍ also mediate phase separation (Martin et al., 2020).

Both NMR relaxation data and molecular dynamics (MD) simulations have revealed determinants 
of ‍R2‍ for IDPs. It has been noted that the flexible Gly tends to lower ‍R2‍, whereas secondary structure 
and contact formation tend to raise ‍R2‍ (Cook et al., 2019). This conclusion agrees well with recent 
MD simulations (Dey et al., 2022; Hicks et al., 2020; Yu and Brüschweiler, 2022; Smrt et al., 2023). 
These MD studies, using IDP-specific force fields, are able to predict ‍R2‍ in quantitative agreement with 
NMR measurements, without ad hoc reweighting as done in earlier studies. According to MD, most 
contact clusters are formed by local sequences, within blocks of up to a dozen or so residues (Dey 
et al., 2022; Hicks et al., 2020; Smrt et al., 2023). Tertiary contacts can also form but are relatively 
rare; as such their accurate capture requires extremely extensive sampling and still poses a challenge 
for MD simulations. Contrary to Gly, aromatic residues have been noted as mediators of contact clus-
ters (Klein-Seetharaman et al., 2002; Martin et al., 2020).

Schwalbe et  al., 1997 introduced a mathematical model to describe the ‍R2‍ profile along the 
sequence for lysozyme in the unfolded state. The ‍R2‍ value of a given residue was expressed as the 
sum of contributions from this residue and its neighbors. This model yields a mostly flat profile across 
the sequence, except for a falloff at the termini, resulting in an overall bell shape. Klein-Seetharaman 
et al., 2002 then fit peaks above this flat profile as a sum of Gaussians. Cho et al., 2007 proposed 
bulkiness as a qualitative indicator of backbone dynamics. Recently Sekiyama et al., 2022 calculated 

‍R2‍ as the geometric mean of ‘indices of local dynamics’; the latter were parameterized by fitting to 
the measured ‍R2‍ for a single IDP. All these models merely describe the ‍R2‍ profile of a given IDP, and 
none of them is predictive.

Here, we present a method, SeqDYN, for predicting ‍R2‍ of IDPs. Using a mathematical model 
introduced by Li et  al., 2020 to predict propensities for binding nanoparticles and also adapted 
for predicting propensities for binding membranes (Qin et al., 2022), we express the ‍R2‍ value of a 
residue as the product of contributing factors from all residues. The contributing factor attenuates as 
the neighboring residue becomes more distant from the central residue. The model, after training on 
a set of 45 IDPs, has prediction accuracy that is competitive against that of the recent MD simulations 
using IDP-specific force fields (Dey et al., 2022; Hicks et al., 2020; Yu and Brüschweiler, 2022; Smrt 
et al., 2023). For lysozyme and other structured proteins, the SeqDYN prediction agrees remarkably 
well with ‍R2‍ measured in their unfolded state.

Results
The data set of IDPs with R2 rates
We collected R2 data for a total of 54 nonhomologous IDPs or IDRs (Table 1; Figure 1). According 
to indicators from NMR properties, including low or negative NOEs, narrow dispersion in backbone 
amide proton chemical shifts, and small secondary chemical shifts (SCSs), most of the proteins are 
disordered with at most transient α-helices. A few are partially folded, including Sev-NT with a well-
populated (~80%) long helix (residues 478–491; Jensen et al., 2008), CREB-binding protein fourth 
intrinsically disordered linker (CBP-ID4) with >50% propensities for two long helices (residues 2–25 
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Table 1. Experimental conditions, mean and standard deviation of measured ‍R2‍, and SeqDYN prediction RMSE.

Protein name # of res
Temp
(K) B0 (MHz)

‍̄R2‍
(s–1) ‍σR2‍ (s

–1)
RMSE
(s–1) PMID; ref

Training set (45 IDPs) *

A1-LCD 131 298 800 2.68 0.46 0.60 32029630; Martin et al., 2020

Aβ40 40 278 600 3.40 0.92 0.38 31181936; Rezaei-Ghaleh et al., 2019

Ash1 83 278 800 9.80 1.40 1.41 27807972; Martin et al., 2016

Beclin1 165 288 800 5.37 1.03 1.14 27288992; Yao et al., 2016

CAPRIN1 103 303 600 5.34 0.88 0.72 31898464; Wong et al., 2020

CBP-ID4 207 283 700 5.45 2.55 2.01;1.90† 29790640; Murrali et al., 2018

GbnD4-DHD 91 280 700 6.81 1.55 1.28 29309054; Jenner et al., 2018

ERD14 185 288 600 3.96 0.87 0.54 21336827; Szalainé Ágoston et al., 2011

ExsE 88 298 600 3.18 0.88 0.76 22138394; Zheng et al., 2012

FCP1 85 298 500 2.94 0.54 0.43 26286791; Lawrence and Showalter, 2012

FUS 163 298 850 3.48 0.51 0.54 26455390; Burke et al., 2015

GAb1 82 298 500 3.99 0.88 0.89 34929201; Gruber et al., 2022

hACTR 69 304 600 3.26 0.47 0.49 18177052; Ebert et al., 2008

Hahellin 92 298 800 9.94 2.69 2.85 24671380; Patel et al., 2014

hCSD1 141 298 500 3.56 0.93 0.99 18537264; Kiss et al., 2008

HOX-DFD 90 298 600 6.98 3.15 1.99 30802457; Maiti et al., 2019

hZIP4-ICL2 100 283 800 9.54 2.37 1.58 30793391; Bafaro et al., 2019

Jaburetox 94 298 800 6.01 2.30 2.27 25605001; Lopes et al., 2015

KRS-NT 72 303 600 3.26 0.93 0.83 24983501; Cho et al., 2014

MBP-xα2 70 295 600 3.83 0.60 0.54 25343306; De Avila et al., 2014

MKK4 86 278 850 4.49 1.42 0.63 29276882; Delaforge et al., 2018

N-Cby 63 298  �  4.19 1.20 1.25 21182262; Mokhtarzada et al., 2011

Niv-PNTD 406 288 700 5.41 1.82 1.66 33177626; Schiavina et al., 2020

NS5A-D2D3 268 278 800 8.62 3.85 2.14 26445449; Sólyom et al., 2015

NUPR1 93 298 600 2.98 0.82 0.76 31325636; Neira et al., 2019

OPN 220 310 800 2.59 0.82 0.54 31794728; Mateos et al., 2020

p53TAD 73 298 850 2.72 0.66 0.33 30240067; Xie et al., 2018

PDEγ 87 298  �  3.96 1.05 0.71 18230733; Song et al., 2008

PKIα 75 300 900 3.41 0.87 0.52 32338601; Olivieri et al., 2020

Mev-PNTD 304 298 950 2.92 0.59 0.48 30140745; Milles et al., 2018

ProTα 113 283 800 3.40 0.56 0.43 29466338; Borgia et al., 2018

Pup 64 298 850 2.66 0.51 0.43 30240067; Xie et al., 2018

rmBG21 199 300 600 4.06 0.90 0.63 17676872; Ahmed et al., 2007

RPB1 201 277 850 6.48 1.74 1.33 28945358; Janke et al., 2018

securin 202 283 500 5.49 1.13 1.08 19053469; Csizmok et al., 2008

Sev-NT 124 298 600 3.20 1.42 0.76;0.38† 27112095; Abyzov et al., 2016

Sic1 92 278 500 3.34 0.59 0.48 20399186; Mittag et al., 2010

Table 1 continued on next page
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and 101–128; Piai et al., 2016), HOX transcription factor DFD (HOX-DFD) with a well-folded domain 
comprising three helices (Maiti et al., 2019), and Hahellin (apo form) as a molten globule (Patel et al., 
2014). In Figure 2, we display representative conformations of five IDPs, ranging from fully disordered 
MAPK kinase 4 (MKK4; Delaforge et al., 2018) and α-synuclein (Sung and Eliezer, 2007) to Measles 
virus phosphoprotein N-terminal domain (Mev-PNTD; Milles et al., 2018) with transient short helices to 
Sev-NT and CBP-ID4 with stable long helices. The sequences of all the IDPs are listed in Appendix 1.

We used 45 of the 54 IDPs to train and validate SeqDYN and reserved the remaining 9 for testing. 
The sequence lengths of the training set range from 39 to 406 residues, with an average of 125.3 
residues. Altogether ‍R2‍ data are available for 3966 residues. A large majority (35 out of 45) of the 45 
IDPs have mean ‍R2‍ values (‍̄R2‍, calculated among all the residues in a protein) between 2.5 and 5.5 s–1 
(Table 1 and Figure 3A). This ‍̄R2‍ range is much lower than that of structured proteins with similar 
sequence lengths. The low ‍̄R2‍ values and lack of dependence on sequence length (Figure 3—figure 
supplement 1A) suggest that ‍R2‍ of the IDPs is mostly dictated by local sequence instead of tertiary 
interaction.

The most often used temperature for acquiring the ‍R2‍ data was 298  K, but low temperatures 
(277–280 K) were used in a few cases (Table 1 and Figure 3—figure supplement 1B). Of the seven 
IDPs with ‍̄R2‍ > 6.4 s–1, four can be attributed to low temperatures (Sólyom et al., 2015; Martin et al., 
2016; Janke et al., 2018; Jenner et al., 2018), one is due to a relatively low temperature (283 K) as 
well as the presence of glycerol (20% v/v; Bafaro et al., 2019), and two can be explained by tertiary 
structure formation [a folded domain (Maiti et al., 2019) or molten globule (Patel et al., 2014)]. A 
simple reason for higher ‍R2‍ values at lower temperatures is the higher water viscosity, resulting in a 
slowdown in molecular tumbling; a similar effect is achieved by adding glycerol. In some cases, ‍R2‍ 
was measured at both low and room temperatures (Abyzov et al., 2016; Martin et al., 2020). To 
a good approximation, the effect of lowering temperature is a uniform scaling of ‍R2‍ across the IDP 

Protein name # of res
Temp
(K) B0 (MHz)

‍̄R2‍
(s–1) ‍σR2‍ (s

–1)
RMSE
(s–1) PMID; ref

SKIPN 71 298  �  5.64 1.05 1.46 20007319; Wang et al., 2010

SLBP-NT 113 298 600 3.96 1.40 1.61 15260482; Thapar et al., 2004

α-synuclein 140 298 600 2.96 0.53 0.44 30184304; Rezaei-Ghaleh et al., 2018

SOCS5-JIR 70 303 800 4.32 2.36 1.91 26173083; Chandrashekaran et al., 2015

tau K18 129 283 700 4.12 0.95 0.83 23740819; Barré and Eliezer, 2013

TC1 106 298 600 4.65 1.61 1.24 23189168; Cino et al., 2012

TDP-43 151 283 500 4.07 1.51 0.96 27545621; Conicella et al., 2016

γ-tubulin-CT 39 288 500 2.23 0.35 0.27 29127738; Harris et al., 2018

Test set (9 IDPs)

AMOTL1 207 283 800 8.45 2.55 2.04 35481651; Vogel et al., 2022

CAHS-8 233 303 850 4.43 3.25 2.36;1.92† 34750927; Malki et al., 2022

ChiZ 64 298 800 4.33 0.89 0.74 32585849; Hicks et al., 2020

α-endosulfine 121 298 800 3.21 0.81 0.48 34346186; Thapa et al., 2022

FtsQ 99 305 800 6.44 3.78 2.32;1.71† 36959324; Smrt et al., 2023

Pdx1 83 298 500 2.98 0.70 0.76 30525611; Cook et al., 2019

synaptobrevin-2 96 278 600 5.54 1.80 0.72 30975750; Lakomek et al., 2019

TIA-1 91 310 800 4.01 0.89 0.55 36112647; Sekiyama et al., 2022

YAP 122 298 800 3.19 1.44 1.23 35378854; Feichtinger et al., 2022

*For training set, RMSE is calculated for prediction based on leave-one-out training (using 44 IDPs).
†First number is for SeqDYN prediction; second number is after applying a helix boost.

Table 1 continued
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sequence. For Sev-NT, downscaling of the ‍R2‍ values at 278 K by a factor of 2.0 brings them into close 
agreement with those at 298 K (Figure 3—figure supplement 1C), with a root-mean-square-deviation 
(RMSD) of 0.5 s–1 among all the residues. Likewise, for A1-LCD, downscaling by a factor of 2.4 brings 
the ‍R2‍ values at 288 K into good match with those at 298 K (Figure 3—figure supplement 1D), with 
an RMSD of 0.4 s–1. Because SeqDYN is concerned with the sequence dependence of ‍R2‍, a uniform 
scaling has no effect on model parameter or prediction; therefore mixing the data from different 
temperatures is justified. The same can be said about the different magnetic fields in acquiring the ‍R2‍ 
data (Table 1 and Figure 3—figure supplement 1E). Increasing the magnetic field raises ‍R2‍ values, 

Figure 1. Clock-like tree plot showing lack of homology among the 45 IDPs. The level of homology between two sequences is measured by the 
distance from their convergence point to the center of the clock. The highest level of apparent identity is between A1-LCD and TDP-43, at 25%, but 
these two proteins differ in both secondary structure formation and ‍R2‍ characteristics. There is, however, a 20-residue overlap between the N-terminus 
of MBP-xα2 and the C-terminus of rmBG21.

https://doi.org/10.7554/eLife.88958
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and the effect is also approximated well by a uniform scaling (Abyzov et al., 2016; Conicella et al., 
2016; Janke et al., 2018).

One measure on the level of sequence dependence of ‍R2‍ is the standard deviation, ‍σR2‍, calcu-
lated among the residues of an IDP. Among the training set, the ‍R2‍ values of 30 IDPs have moderate 
sequence variations, with ‍σR2‍ ranging from 0.5 to 1.5 s–1 (Table 1); the histogram of ‍σR2‍ calculated 
for the entire training set peaks around 0.75  s–1 (Figure  3A). There is a moderate correlation 
between ‍σR2‍ and ‍̄R2‍ (Figure 3A, inset), reflecting in part the fact that ‍σR2‍ can be raised simply by a 
uniform upscaling, for example as a result of lowering temperature. Still, only two of the five IDPs 
with high ‍̄R2‍ attributable to lower temperature or presence of glycerol are among the seven IDPs 
with high sequence variations (‍σR2‍>2 s–1). Therefore, the sequence variation of ‍R2‍ as captured by 

‍σR2‍ manifests mostly the intrinsic effect of the IDP sequence, not the influence of external factors 
such as temperature or magnetic field strength. The mean ‍σR2‍ value among the training set is 
1.24 s–1.

One way to eliminate the influence of external factors is to scale the ‍R2‍ values of each IDP by 
its ‍̄R2‍; we refer to the results as scaled ‍R2‍, or ‍sR2‍. We then pooled the ‍sR2‍ values for all residues in 
the training set, and separated them according to amino-acid types. The amino acid type-specific 
mean ‍sR2‍ values, or ‍msR2‍, are displayed in Figure 3B. The seven amino acids with the highest ‍msR2‍  
in descending order are Trp, Arg, Tyr, Phe, Ile, His, and Leu. The presence of all the four aromatic 
amino acids in this “high-end” group immediately suggests π-π stacking as important for raising 

‍msR2‍; the presence of Arg further implicates cation-π interactions. In the other extreme, the seven 
amino acids with the lowest ‍msR2‍ in ascending order are Gly, Cys, Val, Asp, Ser, Thr, and Asn. Gly is 
well-known as a flexible residue; it is also interesting that all the four amino acids with short polar 
sidechains are found in this “low-end” group. Pro has an excessively low ‍msR2‍ [with data from only 
two IDPs (Murrali et al., 2018; Wong et al., 2020)], but that is due to the absence of an amide 
proton.

Figure 2. Representative conformations of five IDPs. (A–E) MKK4, α-synuclein, Mev-PNTD, Sev-NT, and CBP-ID4. Conformations were initially generated 
using TraDES (http://trades.blueprint.org; Feldman and Hogue, 2002), selected to have radius of gyration close to predicted by a scaling function 

‍Rg = 2.54N0.522
‍ (Å) (Bernadó and Blackledge, 2009). Conformations for residues predicted as helical by PsiPred plus filtering were replaced by an 

ideal helix. Finally residues are colored according to a scheme ranging from green for low predicted ‍R2‍ to red for high predicted ‍R2‍.

https://doi.org/10.7554/eLife.88958
http://trades.blueprint.org
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The SeqDYN model and parameters
The null model is to assume a uniform ‍R2‍ for all the residues in an IDP. The root-mean-square-error 
(RMSE) of the null model is equal to the standard deviation, ‍σR2‍, of the measured ‍R2‍ values. The mean 
RMSE, ‍ ¯RMSE‍, of the null model, equal to 1.24 s–1 for the training set, serves as the upper bound for 
evaluating the errors of ‍R2‍ predictors. The next improvement is a one-residue predictor, where first 
each residue (with index n) assumes its amino acid-specific mean ‍sR2‍ (‍msR2‍) and then a uniform scaling 
factor ‍Υ‍ is applied:

	﻿‍ R2
(
n
)

= Υ · msR2
(
n
)
‍� (1)

This one-residue model does only minutely better than the null model, with a ‍ ¯RMSE‍ of 1.22 s–1.
In SeqDYN, we account for the influence of neighboring residues. Specifically, each residue i 

contributes a factor ‍f
(
i; n

)
‍ to the ‍R2‍ value of residue n. Therefore,

	﻿‍ R2
(
n
)

= Υ
∏N

i=1 f
(
i; n

)
‍� (2a)

where N is the total number of residues in the IDP. The contributing factor depends on the sequence 
distance ‍s = |i − n|‍ and the amino-acid type of residue ‍i‍:

	﻿‍
f
(
i; n

)
= 1 +

q
(
i
)
− 1

1 + bs2 ‍�
(2b)

There are 21 global parameters. The first 20 are the ‍q‍ values, one for each of the 20 types of amino 
acids; the last parameter is ‍b‍, appearing in the Lorentzian form of the sequence-distance dependence. 
We define the correlation length, ‍Lcorr‍, as the sequence distance at which the contributing factor is 
midway between the values at ‍s = 0‍ and ‍∞‍. It is easy to verify that ‍Lcorr = b−1/2‍. Note that the single-
residue model can be seen as a special case of SeqDYN, with ‍Lcorr‍ set to 0 and ‍q‍ set to ‍msR2‍.

The functional forms of Equation 2a and Equation 2b were adapted from Li et  al., 2020; we 
also used them for predicting residue-specific membrane association propensities of IDPs (Qin et al., 
2022). In these previous applications, a linear term was also present in the denominator of Equation 
2b. In our initial training of SeqDYN, the coefficient of the linear term always converged to near zero. 
We thus eliminated the linear term. In addition to the Lorentzian form, we also tested a Gaussian form 

Figure 3. Properties of the 45 IDPs in the training set. (A) Histograms of means and standard deviations, calculated for individual proteins. Curves are 
drawn to guide the eye. Inset: correlation between ‍̄R2‍ and ‍σR2‍. (B) Experimental mean scaled ‍R2‍ (‍msR2‍) and SeqDYN ‍q‍ parameters, for the 20 types of 
amino acids. Note that Pro residues have low ‍msR2‍ for the lack of backbone amide proton. Amino acids are in descending order of ‍q‍.

The online version of this article includes the following source data and figure supplement(s) for figure 3:

Source data 1. Source data for Figure 3.

Figure supplement 1. Possible effects of sequence length, temperature, and magnetic field on ‍R2‍.

Figure supplement 1—source data 1. Source data for Figure 3—figure supplement 1.

https://doi.org/10.7554/eLife.88958
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for the sequence-distance dependence and found somewhat worse performance. The more gradual 
attenuation of the Lorentzian form with increasing sequence distance evidently provides an overall 
better model for the ‍R2‍ data in the entire training set. Others (Cho et al., 2007; Sekiyama et al., 
2022; Delaforge et al., 2018) have modeled ‍R2‍ as the average of some parameters over a window; 
a window has an extremely abrupt sequence-distance dependence (1 for ‍s < Lcorr‍ and 0 for ‍s > Lcorr‍).

We parametrized the SeqDYN model represented by Equation 2a and Equation 2b on the training 
set of 45 IDPs. In addition to the 21 global parameters noted above, there are also 45 local parame-
ters, namely one uniform scaling factor (‍Υ‍) per IDP. The parameter values were selected to minimize 
the sum of the mean-square-errors for the IDPs in the training set, calculated on ‍R2‍ data for a total of 
3924 residues. We excluded the 42 Pro residues in the training set because, as already noted, their ‍R2‍ 
values are lower for chemical reasons. We will present validation and test results below, but first let us 
look at the parameter values.

Figure 4. SeqDYN model parameters. (A) Correlation between ‍msR2‍ and ‍q‍. The values are also displayed as bars in Figure 3B. (B) Correlation of ‍msR2‍ 
and ‍q‍ with amino-acid molecular mass. (C) Correlation of ‍msR2‍ and ‍q‍ with bulkiness. (D) The optimal correlation length and deterioration of SeqDYN 
prediction as the correlation length is moved away from the optimal value.

The online version of this article includes the following source data and figure supplement(s) for figure 4:

Source data 1. Source data for Figure 4.

Figure supplement 1. T-test of on the ‍q‍ parameters for pairs of amino acids.

Figure supplement 1—source data 1. Source data for Figure 4—figure supplement 1.

https://doi.org/10.7554/eLife.88958
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The ‍q‍ values are displayed in Figure 3B alongside ‍msR2‍. In descending order, the seven amino acids 
with the highest ‍q‍ values are Trp, Ile, Tyr, Arg, His, Phe, and Leu. These are exactly the same amino 
acids in the high-end group for ‍msR2‍, though their order there is somewhat different. In ascending 
order, the seven amino acids (excluding Pro) with the lowest ‍q‍ values are Gly, Asn, Ser, Asp, Val, Thr, 
and Cys. The composition of the low-end group is also identical to that for ‍msR2‍. The ‍q‍ values thus 
also suggest that π-π and cation-π interactions in local sequences may raise ‍R2‍, whereas Gly and short-
polar residues may lower ‍R2‍.

Given the common amino acids at both the high and low ends for ‍msR2‍ and ‍q‍, it is not surprising 
that these two properties exhibit a strong correlation, with a coefficient of determination (R2; excluding 
Pro) at 0.92 (Figure 4A). Also, because the high-end group contains the largest amino acids (e.g. Trp 
and Tyr) whereas the low-end group contains the smallest amino acids (e.g. Gly and Ser), we antic-
ipated some correlation of ‍msR2‍ and ‍q‍ with amino-acid size. We measure the latter property by the 
molecular mass (m). As shown in Figure 4B, both ‍msR2‍ and ‍q‍ indeed show a medium correlation with 
m, with R2=0.67 (excluding Pro) and 0.61, respectively. A bulkiness parameter was proposed as an 
indicator of sequence-dependent backbone dynamics of IDPs (Cho et al., 2007; Delaforge et al., 
2018). Bulkiness was defined as the sidechain volume-to-length ratio, and identified amino acids with 
aromatic or branched aliphatic sidechains as bulky (Zimmerman et al., 1968). We found only modest 
correlations between either ‍msR2‍ or ‍q‍ and bulkiness, with R2 just below 0.4 (Figure 4C).

The optimized value of ‍b‍ is 3.164 × 10–2, corresponding to an ‍Lcorr‍ of 5.6 residues. The resulting 
optimized ‍ ¯RMSE‍ is 0.95 s–1, a clear improvement over the value 1.24 s–1 of the null model. To check 
the sensitivity of prediction accuracy to ‍b‍, we set ‍b‍ to values corresponding to  ‍Lcorr‍ = 0, 1, 2,…, and 
retrained SeqDYN for ‍b‍ fixed at each value (Figure 4D). Note that the null-model ‍ ¯RMSE‍, 1.24 s–1, sets 
an upper bound. This upper bound is slowly reached when ‍Lcorr‍ is increased from the optimal value. 
In the opposite direction, when ‍Lcorr‍ is decreased from the optimal value, ‍ ¯RMSE‍ rises quickly, reaching 
1.22 s–1 at  ‍Lcorr‍ = 0. The latter ‍ ¯RMSE‍ is the same as that of the single-residue model. Lastly we note 
that there is a strong correlation between the uniform scaling factors and ‍̄R2‍ values among the 45 IDPs 
(R2=0.77), as to be expected. For 39 of the 45 IDPs, ‍Υ‍ values fall in the range of 0.8–2.0 s–1.

As presented next, we evaluate the performance of SeqDYN by leave-one-out cross validation, 
where each IDP in turn was left out of the training set and the model was trained on the remaining 44 
IDPs to predict ‍R2‍ for the IDP that was left out. The parameters from the leave-one-out (also known 
as jackknife) training sessions allow us to assess the potential bias of the training set. For this purpose, 
we compare the values of the 21 global parameters, either from the full training set or from taking the 
averages of the jackknife training sessions. For each of the ‍q‍ parameters, the values from these two 
methods differ only in the fourth digit; for example for Leu, they are both 1.1447 from full training 
and from jackknife training. The values for ‍b‍ are 3.164×10–2 from full training as stated above and 
3.163×10–2 from jackknife training. The close agreement in parameter values between full training and 
jackknife training suggests no significant bias in the training set.

Another question of interest is whether the difference between the ‍q‍ parameters of two amino 
acids is statistically significant. To answer this question, we carried out fivefold cross-validation training, 
resulting in five independent estimates for each parameter. For example, the mean ±standard devi-
ation of the ‍q‍ parameter is 1.1405 ± 0.0066 for Leu and 1.2174 ± 0.0211 for Ile. A t-test shows that 
their difference is extremely statistically significant (P<0.0001). In contrast, the difference between Leu 
and Phe (‍q‍=1.1552 ± 0.0304) is not significant. t-test results for other pairs of amino acids are found 
in Figure 4—figure supplement 1.

Validation of SeqDYN predictions
We now present leave-one-out cross-validation results. We denote the RMSE of the ‍R2‍ prediction for 
the left-out IDP as RMSE(–1). As expected, RMSE(–1) is higher than the RMSE obtained with the IDP 
kept in the training set, but the increases are generally slight. Specifically, all but eight of the IDPs have 
increases <0.1 s–1; the largest increase is 0.35 s–1, for CBP-ID4. The mean RMSE(–1), or ‍ ¯RMSE

(
−1

)
‍, for 

the 45 IDPs is increased by 0.05 s–1 over ‍ ¯RMSE‍, to 1.00 s–1. The latter value is still a distinct improve-
ment over the mean RMSE 1.24 s–1 of the null model. The histogram of RMSE(–1) for the 45 IDPs is 
shown in Figure 5A. It peaks at 0.5 s–1, which is a substantial downshift from the corresponding peak 
at 0.75 s–1 for ‍σR2‍ (Figure 3A). Thirty-four of the 45 IDPs have RMSE(–1) values lower than the corre-
sponding ‍σR2‍.

https://doi.org/10.7554/eLife.88958
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To further illustrate the performance of SeqDYN, we present the comparison of predicted and 
measured ‍R2‍ values for five IDPs: MKK4, α-synuclein, Mev-PNTD, Sev-NT, and CBP-ID4 (Figure 5B–F). A 
simple common feature is the falloff of ‍R2‍ at the N- and C-termini, resulting from missing upstream or 
downstream residues that otherwise would be coupled to the terminal residues, as first recognized by 
Schwalbe et al., 1997. Representative conformations of the five IDPs are displayed in Figure 2, with 
residues colored according to the predicted ‍R2‍ values. For four of these IDPs, the RMSE(–1) values 
range from 0.44 to 0.76 s–1 and are scattered around the peak of the histogram, while the RMSE(–1) 
for the fifth IDP, namely CBP-ID4, the RMSE(–1) value is 2.01 s–1 and falls on the tail of the histogram 
(Figure 5A). Figure 5B displays the measured and predicted ‍R2‍ for MKK4. SeqDYN correctly predicts 
higher ‍R2‍ values in the second half of the sequence than in the first half. It even correctly predicts the 
peak around residue Arg75. The sequence in this region is H72IERLRTH79; six of these eight residues 
belong to the high-end group. In contrast, the lowest ‍R2‍ values occur in the sequence S7GGGGS-
GGGSGSG19, comprising entirely of two amino acids in the low-end group.

‍R2‍ values for α-synuclein are shown in Figure 5C. Here, SeqDYN correctly predicts higher ‍R2‍ near 
the C-terminus and a dip around Gly68. However, it misses the ‍R2‍ peaks around Tyr39 and Asp121. 
MD simulations Dey et al., 2022 have found that these ‍R2‍ peaks can be explained by a combination 
of secondary structure formation (β-sheet around Tyr39 and polyproline II helix around Asp121) and 
local (between Tyr39 and Ser42) or long-range (between Asp121 and Lys96) interactions. SeqDYN 
cannot account for long-range interactions (e.g. between β-strands and between Asp121 and Lys96). 
Figure 5D shows that SeqDYN gives excellent ‍R2‍ predictions for Mev-PNTD. It correctly predicts the 
high peaks around Arg17, Glu31, Leu193, and lower peaks around Arg235 and Trp285, but does 
underpredict the narrow peak around Tyr113.

Figure 5. Quality of SeqDYN predictions. (A) Histogram of RMSE(–1). Letters indicate RMSE(–1) values of the IDPs to be presented in panels (B–F). (B–
F) Measured (bars) and predicted (curves) ‍R2‍ profiles for MKK4, α-synuclein, Mev-PNTD, Sev-NT, and CBP-ID4. In (E) and (F), green curves are SeqDYN 
predictions and red curves are obtained after a helix boost.

The online version of this article includes the following source data and figure supplement(s) for figure 5:

Source data 1. Source data for Figure 5.

Figure supplement 1. Close reproduction (curve) of the measured ‍R2‍ profile (bars) of CBP-ID4 when that set of data alone was used to parameterize 
SeqDYN.

Figure supplement 1—source data 1. Source data for Figure 5—figure supplement 1.

https://doi.org/10.7554/eLife.88958
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The overall ‍R2‍ profile of Sev-NT is predicted well by SeqDYN, but the peak in the long helical 
region (residues 478–491) is severely underestimated (green curve in Figure 5E). A similar situation 
occurs for CBP-ID4, where the peak in the second long helical region (around Glu113) is underpre-
dicted (green curve in Figure 5F). While the measured ‍R2‍ exhibits a higher peak in the second helical 
region than in the first helical region (around Arg16), the opposite is predicted by SeqDYN. When the 

‍R2‍ data were included in the training set (i.e., full training), the second peak is higher than the first one, 
but that is not a real prediction because the ‍R2‍ data themselves were used for training the model. It 
merely means that the SeqDYN functions can be parameterized to produce any prescribed ‍R2‍ profile 
along the sequence. Indeed, when the ‍R2‍ data of CBP-ID4 alone were used to parameterize SeqDYN, 
the measured ‍R2‍ profile is closely reproduced (Figure 5—figure supplement 1). The reversal in ‍R2‍ 
peak heights between the two helical regions is the reason for the aforementioned unusual increase 
in RMSE when CBP-ID4 was left out of the training set.

R2 boost in long helical regions
It is apparent that SeqDYN underestimates the ‍R2‍ of stable long helices. Transient short helices does 
not seem to be a problem, since these are present, for example in Mev-PNTD, where transient helix 
formation in the first 37 residues and between residues 189–198 (Milles et al., 2018) coincides with 

‍R2‍ peaks that are correctly predicted by SeqDYN. SeqDYN can treat coupling between residues within 

Figure 6. Measured (bars) and predicted (curves) ‍R2‍ profiles for ChiZ N-terminal region, TIA1 prion-like domain, Pdx1 C-terminal region, 
synaptobrevin-2, α-endosulfine, YAP, AMOTL1, FtsQ, and CAHS-8. In (C), ‍R2‍ does not fall off at the N-terminus because the sequence is preceded by an 
expression tag MGSSHHHHHHHHHHHHS. In (H) and (I), green curves are SeqDYN predictions and red curves are obtained after a helix boost.

The online version of this article includes the following source data for figure 6:

Source data 1. Source data for Figure 6.

https://doi.org/10.7554/eLife.88958
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the correlation length of 5.6 residues, but a much longer helix would tumble more slowly than implied 
by an ‍Lcorr‍ of 5.6, and thus it makes sense that SeqDYN would underestimate ‍R2‍ in that case.

Our solution then is to apply a boost factor to the long helical region. To do so, we have to know 
whether an IDP does form long helices and if so what the constituent residues are. Secondary struc-
ture predictors tend to overpredict α-helices and β-strands for IDPs, as they are trained on structured 
proteins. One way to counter that tendency is to make the criteria for α-helices and β-strands stricter. 
We found that, by filtering PsiPred (http://bioinf.cs.ucl.ac.uk/psipred; McGuffin et  al., 2000) helix 
propensity scores (‍pHlx‍) with a very high cutoff of 0.99, the surviving helix predictions usually corre-
spond well with residues identified by NMR as having high helix propensities. For example, for Mev-
PNTD, PsiPred plus filtering predicts residues 14–17, 28–33, and 191–193 as helical; all of them are in 
regions that form transient helices according to chemical shifts (Milles et al., 2018). Likewise long 
helices are also correctly predicted for Sev-NT (residues 477–489) and CBP-ID4 (residues 6–17 and 
105–116; Jensen et al., 2008; Piai et al., 2016).

We apply a boost factor, ‍BHlx‍, to helices with a threshold length of 12:

	﻿‍ BHlx = 1 + αpHlxΘ
(
pHlx ≥ 0.99; LHlx ≥ 12

)
‍� (3)

The ‍Θ‍ function is 1 if the helix propensity score is above the filtering cutoff and the helix length 
(‍LHlx‍) is above the threshold, and 0 otherwise With a boost amplitude ‍α‍ at 0.5, the boosted SeqDYN 
prediction for Sev-NT reaches excellent agreement with the measured ‍R2‍ (Figure 5E, red curve). The 
RMSE(–1) is reduced from 0.76 s–1 to 0.38 s–1 upon boosting. Applying the same helix boost to CBP-
ID4 also results in a modest reduction in RMSE(–1), from 2.01 to 1.90 s–1 (Figure 5F, red curve). The 
only other IDP for which PsiPred plus filtering predicts a long helix is the N-terminal region of lysyl-
tRNA synthetase (KRS-NT). The authors who studied this protein did not report on secondary struc-
ture (Cho et al., 2014), but feeding their reported chemical shifts to the TALOS +server (https://spin.​
niddk.nih.gov/bax/nmrserver/talos/; Shen et al., 2009) found only short stretches of residues that fall 
into the helical region of the Ramachandran map. The SeqDYN prediction for KRS-NT is already good 
[RMSE(–1)=0.83 s–1]; applying a helix boost would deteriorate the RMSE(−1) to 1.16 s–1.

Further test on a set of nine IDPs
We have reserved nine IDPs for testing SeqDYN (parameterized on the training set of 45 IDPs). The 
level of disorder in these test proteins also spans the full range, from absence of secondary struc-
tures [ChiZ N-terminal region (Hicks et al., 2020), Pdx1 C-terminal region (Cook et al., 2019), and 
TIA-1 prion-like domain (Sekiyama et al., 2022)] to presence of transient short helices [synaptobre-
vin-2 (Lakomek et al., 2019), α-endosulfine (Thapa et al., 2022), YAP (Feichtinger et al., 2022), 
angiomotin-like 1 (AMOTL1) (Vogel et  al., 2022)] to formation of stable long helices [FtsQ Smrt 
et al., 2023 and CAHS-8 Malki et al., 2022]. For eight of the nine test IDPs, the RMSEs of SeqDYN 
predictions are lower than the experimental ‍σR2‍ values, by an average of 0.66 s–1. For the ninth IDP 
(Pdx1), the SeqDYN RMSE is slightly higher, by 0.06 s–1, than the experimental ‍σR2‍. Together, the nine 
test IDPs have a mean RMSE of 1.13 s–1, close to the ‍ ¯RMSE

(
−1

)
‍ of 1.00 s–1 for the training set in the 

leave-one-out cross-validation.
The comparison of predicted and measured ‍R2‍ profiles along the sequence is presented in 

Figure 6A–I. For ChiZ, SeqDYN correctly predicts the major peak around Arg25 and the minor peak 
around Arg46 (Figure  6A). The ‍R2‍ profile of Pdx1 is largely featureless, except for a dip around 
Gly216, which is correctly predicted by SeqDYN (Figure 6B). Correct prediction is also obtained for 
the higher ‍R2‍ in the first half of TIA-1 prion-like domain than in the second half (Figure 6C). SeqDYN 
gives an excellent prediction for synaptobrevin-2, including a linear increase up to Arg56 and the 
major peak around Trp89 (Figure 6D).

The prediction is also very good for α-endosulfine, including elevated ‍R2‍ around Glu34, which 
coincides with the presence of a transient helix, and depressed ‍R2‍ in the last 40 residues (Figure 6E). 
The only miss is an underprediction for the peak around Lys74. SeqDYN also predicts well the overall 
shape of the ‍R2‍ profile for YAP, including peaks around Asn70, Leu91, Arg124, and Arg161, but 
severely underestimates the peak height around Asn70 (Figure 6F). NOE signals indicate contacts 
between Met86, Leu91, Fhe95, and Fhe96 (Feichtinger et  al., 2022); evidently this type of local 
contacts is captured well by SeqDYN. The ‍R2‍ elevation around Asn70 is mostly due to helix formation: 
residues 61–74 have helix propensities up to 40% (Feichtinger et al., 2022). PsiPred predicts helix for 

https://doi.org/10.7554/eLife.88958
http://bioinf.cs.ucl.ac.uk/psipred
https://spin.niddk.nih.gov/bax/nmrserver/talos/
https://spin.niddk.nih.gov/bax/nmrserver/talos/
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residues 62–73, but only residues 65–68 survive the filtering that we impose, resulting in a helix that 
is too short to apply a helix boost. The prediction for AMOTL1 is mostly satisfactory, including peaks 
around Phe200 and Arg264 and a significant dip around Gly292 (Figure 6G). However, whereas the 
two peaks have approximately equal heights in the measured ‍R2‍ profile, the predicted peak height 
around Phe200 is too low. SCSs indicate helix propensity around both ‍R2‍ peaks (Vogel et al., 2022). 
PsiPred also predicts helix in both regions, but only five and two residues, respectively, survive after 
filtering, and are too short for applying a helix boost.

For FtsQ, SeqDYN correctly predicts elevated ‍R2‍ for the long helix [residues 46–74 Smrt et al., 2023] 
but underestimates the magnitude (RMSE = 2.32 s–1; green curve in Figure 6H). PsiPred plus filtering 
predicts a long helix formed by residues 47–73. Applying the helix boost substantially improves the 
agreement with the measured ‍R2‍, with RMSE reducing to 1.71 s–1 (red curve in Figure 6H). SeqDYN 
also gives a qualitatively correct ‍R2‍ profile for CAHS-8, with higher ‍R2‍ for the middle section (residues 
95–190; RMSE = 2.36 s–1; green curve in Figure 6I). However, it misses the extra elevation in ‍R2‍ for the 
first half of the middle section (residues 95–145). According to SCS, the first and second halves have 
helix propensities of 60% and 30%, respectively (Malki et al., 2022). PsiPred plus filtering predicts 

Figure 7. ‍R2‍ profiles predicted (curves) by SeqDYN show close agreement with those measured (bars) on structured proteins in the unfolded state. 
(A) Wild-type lysozyme (8 M urea; pH 2; cysteine-methylated). (B) Lysozyme with Trp62 to Gly mutation (pH 2). Methylated cysteines were treated as Ala 
in the SeqDYN predictions. (C) Apomyoglogin (8 M urea; pH 2.3). (D) Ubiquitin (8 M urea; pH 2).

The online version of this article includes the following source data for figure 7:

Source data 1. Source data for Figure 7.

https://doi.org/10.7554/eLife.88958
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helices for residues 96–121, 124–141, 169–173, and 179–189. Only the first two helices, both in the 
first half of the middle section, are considered long according to our threshold. Once again, applying 
the helix boost leads to marked improvement in the predicted in ‍R2‍, with RMSE reducing to 1.92 s–1 
(red curve in Figure 6I).

Inputting the sequences of structured proteins predicts ‍R2‍ in the 
unfolded state
SeqDYN is trained on IDPs, what if we feed it with the sequence of a structured protein? The prediction 
using the sequence of hen egg white lysozyme, a well-studied single-domain protein, is displayed in 
Figure 7A. It shows remarkable agreement with the ‍R2‍ profile measured by Klein-Klein-Seetharaman 
et al., 2002 in the unfolded state (denatured by 8 M urea at pH 2 and reduced to break disulfide 
bridges), including a major peak around Trp62, a second peak around Trp111, and a third peak around 
Trp123. Klein-Seetharaman et al. mutated Trp62 to Gly and the major peak all but disappeared. This 
result is also precisely predicted by SeqDYN with the mutant sequence (Figure 7B).

SeqDYN also predicts well the ‍R2‍ profiles of other proteins in the unfolded state. For unfolded 
apomyoglobin (8 M urea; pH 2.3), Schwarzinger et al., 2002 claimed that depressed ‍R2‍ corresponded 
to stretches of small amino acids (Gly and Ala), whereas elevated corresponded to local hydrophobic 
interactions. SeqDYN reproduces all the observed peaks and valleys in the ‍R2‍ profile (Figure 7C). The 
deepest valley indeed occurs over a Gly/Ala-rich stretch, G125ADAQGA131, but the highest peak occurs 
over a stretch, I102KYLEFI108, that contains both hydrophobic and charged residues, all of which are on 
the high end of the ‍q‍ parameters (Figure 3B). The ‍R2‍ profile of unfolded ubiquitin (8 M urea; pH 2) is 
relatively flat, which Wirmer et al., 2006 attributed to lack of residual secondary structure, based on 
the assumption that β-sheets (major elements of folded ubiquitin) are less resistant to denaturation 
than α-helices. SeqDYN predicts a relatively flat ‍R2‍ profile (Figure 7D), but the reason is that the ubiq-
uitin sequence lacks a contiguous stretch of high-‍q‍ amino acids.

Discussion
We have developed a powerful method, SeqDYN, that predicts the backbone amide transverse relax-
ation rates (‍R2‍) of IDPs. The method is based on IDP sequences, is extremely fast, and available as 
a web server at https://zhougroup-uic.github.io/SeqDYNidp/ (Qin and Zhou, 2024). The excellent 
performance supports the notion that the ns-dynamics reported by ‍R2‍ is coded by the local sequence, 
comprising up to 6 residues on either side of a given residue. The amino-acid types that contribute the 
most to coupling within a local sequence are aromatic (Trp, Tyr, Phe, and His), Arg, and long branched 
aliphatic (Ile and Leu), suggesting the importance of π-π, cation-π, and hydrophobic interactions in 
raising ‍R2‍. These interactions are interrupted by Gly and amino acids with short polar sidechains (Ser, 
Thr, Asn, and Asp), leading to reduced ‍R2‍. Transient short helices produce moderate elevation in ‍R2‍, 
whereas stable long helices result in a big boost in ‍R2‍. Tertiary contacts can also raise ‍R2‍, but appear 
to be infrequent in most IDPs (Dey et al., 2022).

It is also possible that ‍R2‍ reported by backbone amide 15N relaxation (as is the case for most of the 
IDPs studied here) may not be particularly sensitive to exchange effects, which likely involve tertiary 
contact formation. For the D2 domain of p27Kip1, the exchange contributions measured using 15N 
relaxation were small (<2.5 s–1) but were as large as 25 s–1 when measured by high-power 1H relaxation 
dispersion (Ban et al., 2017). This experiment measures the effective transverse relation rate, ‍R2,eff ‍, 
over a range of effective radiofrequency ‍ωeff ‍. The exchange contribution is maximal for the value 

‍R
lowωeff
2,eff ‍ at low ‍ωeff ‍ but is largely quenched for the value ‍R

app
2,0 ‍ in the high-‍ωeff ‍ limit. The SeqDYN predic-

tion for this IDP matches much better with ‍R
app
2,0 ‍ than with ‍R

lowωeff
2,eff ‍ (Figure 8). It is not clear whether 

this IDP is unique in forming persistent tertiary contacts that give rise to substantial exchange contri-
butions or the 1H relaxation dispersion experiment is unique in reporting the exchange contributions. 
At the minimum, SeqDYN yields the exchange-free portion of the transverse relaxation rate, enabling 
easy identification of residues that potentially participate in tertiary contacts. For the D2 domain 
of p27Kip1, SeqDYN correctly predicts the ‍R

app
2,0 ‍ local maxima at W76 and Y88. It is these same two 

residues that show substantial exchange contributions and putatively participate in tertiary contact 
(Ban et al., 2017). Therefore local contacts may seed tertiary contacts. If ‍R2,eff ‍ data with substantial 

https://doi.org/10.7554/eLife.88958
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exchange contributions become available for more IDPs, SeqDYN may be retrained to make predic-
tions for IDPs forming persistent tertiary contacts.

The ‍q‍ parameters, while introduced here to characterize the propensities of amino acids to partici-
pate in local interactions, appear to correlate with the tendencies of amino acids to drive liquid-liquid 
phase separation. Consistent with the rank order of ‍q‍, Trp, Tyr, and Arg have been reported to be 
strong drivers of phase separation, Lys is a moderate driver, whereas Gly and Ser suppress phase 
separation (Martin et al., 2020; Wong et al., 2020; Wang et al., 2018). Recent measurements of 
the threshold concentration produced the following order for the propensity of phase separation by 
eight nonpolar amino acids in homotetrapeptides of the form XXssXX (ss: backbone disulfide bond): 
Trp > Phe > Leu>Met > Ile>Val > Ala>Pro (Zhang et al., 2024). This order is the same as that of the 

‍q‍ parameters, except that the ‍q‍ values of Ile and Val are in the second and last places, respectively. 
Threshold concentrations of IDPs are now predicted reasonably well by coarse-grained simulations 
where each amino acid is modeled by a single bead with a Lennard-Jones diameter ‍d0‍ and a stickiness 
parameter ‍λ‍ (Tesei and Lindorff-Larsen, 2022). Our ‍q‍ parameter shows a good correlation (R2=0.59) 
with the compound parameter ‍d

3
0λ‍ (Figure 9). Therefore, the ‍q‍ parameter may serve as a predictor for 

the tendency of an amino acid to drive phase separation. In essence, the same ability of an amino acid, 
for example Trp, to form interactions with neighboring residues of an IDP in the free state also applies 
when it comes to interactions with residues on neighboring chains in a dense phase.

Our method incorporates ideas from a number of previous efforts at describing ‍R2‍. The first serious 
effort was by Schwalbe et al., 1997, who accounted for contributions from neighboring residues as 
additive terms, instead of multiplicative factors as in SeqDYN. Cho et al., 2007 and Delaforge et al., 
2018 used the running average of the bulkiness parameter over a window of five to nine residues as 

Figure 8. Comparison between SeqDYN prediction (curves) and effective transverse relaxation rate (bars) from 1H 
dispersion relaxation experiment. (A) ‍R2,eff ‍ in the high-‍ωeff ‍ limit. (B) ‍R2,eff ‍ at low ‍ωeff ‍.

The online version of this article includes the following source data for figure 8:

Source data 1. Source data for Figure 8.

Figure 9. Correlation between the stickiness parameters (λ) and the NMR relaxation parameters (q). The regression 
line is shown as dashes.

The online version of this article includes the following source data for figure 9:

Source data 1. Source data for Figure 9.

https://doi.org/10.7554/eLife.88958
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a qualitative indicator of ‍R2‍. Here again the calculation was based on an additive model. Sekiyama 
et al., 2022 employed a multiplicative model, with ‍R2‍ calculated as a geometric mean of ‘indices of 
local dynamics’ over a five-residue window. These indices, akin to our ‍q‍ parameters, were trained on 
a single IDR (TIA-1 prion-like domain) and used to reproduce the measured ‍R2‍ for the same IDR. As 
we have illustrated on CBP-ID4 (Figure 5—figure supplement 1), training on a single protein merely 
biases the parameters to that model and has little value in predicting ‍R2‍ for other proteins. In compar-
ison, SeqDYN is trained on 45 IDPs and its predictions are robust and achieve quantitative agreement 
with measured ‍R2‍.

Ten of the IDPs tested here have been studied recently by MD simulations using IDP-specific force 
fields (Dey et al., 2022; Hicks et al., 2020; Yu and Brüschweiler, 2022; Smrt et al., 2023). In Table 2, 
we compare the RMSEs of SeqDYN predictions with those for ‍R2‍ calculations from MD simulations. 
For five of these IDPs: A1-LCD, Aβ40, α-synuclein, tau K18, and FtsQ, RMSEs of SeqDYN and MD are 
remarkably similar. Four of these IDPs lack significant population of α-helices or β-sheets, but FtsQ 
forms a stable long helix. For one other IDP, namely HOX-DFD, MD, by explicitly modeling its folded 
domain, does a much better job in predicting ‍R2‍ than SeqDYN (RMSEs of 1.40 s–1 vs 1.99 s–1). However, 
for the four remaining IDPs: p53TAD, Pup, Sev-NT, and ChiZ, SeqDYN significantly outperforms MD, 
with RMSEs averaging only 0.47 s–1, compared to the MD counterpart of 1.14 s–1. Overall, SeqDYN is 
very competitive against MD in predicting ‍R2‍, but without the significant computational cost. While 
MD simulations can reveal details of local interactions, as noted for α-synuclein, and capture tertiary 
interactions if they occur, they still suffer from perennial problems of force-field imperfection and inad-
equate sampling. SeqDYN provides an accurate description of IDP dynamics at a ‘mean-field’ level, 
but could miss idiosyncratic behaviors of specific local sequences.

Deep-learning models have become very powerful, but they usually have millions of parameters and 
require millions of protein sequences for training (Rives et al., 2021). In contrast, SeqDYN employs 
a mathematical model with dozens of parameters and requires only dozens of proteins for training. 
Reduced models (by collapsing amino acids into a small number of distinct types) have even been 
trained on <10 IDPs to predict propensities for binding nanoparticles (Li et al., 2020) or membranes 

Table 2. RMSEs (s–1) of ‍R2‍ predictions by SeqDYN and MD for 10 IDPs.

IDP name SeqDYN MD

A1-LCD 0.60* 0.59 §, ¶

Aβ40 0.38* 0.38 §

HOX-DFD 1.99* 1.40 §

α-synuclein 0.44* 0.50 §

p53TAD 0.33* 1.04 **

Pup 0.43* 1.00**

Sev-NT 0.38*,† 1.10 §,††

tau K18 0.83* 0.80 §

ChiZ 0.74 ‡ 1.40 ‡ ‡

FtsQ 1.71 §,† 1.70 § §

*Based on leave-one-out training (using 44 IDPs).
†Helix boost applied.
‡Based on training by the full training set (45 IDPs).
§From Dey et al., 2022.
¶RMSE is scaled down by a factor of 2.39, to correct for the effect of temperature (MD at 288 K; see Figure 3—
figure supplement 1C).
**From Yu and Brüschweiler, 2022.
††RMSE is scaled down by a factor of 2.99, to correct for the effects of temperature and magnetic field (MD at 
274 K and 850 MHz; see Figure 3—figure supplement 1B).
‡ ‡Originally calculated in Hicks et al., 2020 with correction in Hicks et al., 2021.
§ §From Smrt et al., 2023.

https://doi.org/10.7554/eLife.88958
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(Qin et  al., 2022). The mathematical model-based approach may be useful in other applications 
where data, similar to ‍R2‍, are limited, including predictions of IDP secondary chemical shifts or resi-
dues that bind drug molecules (Robustelli et al., 2022) or protein targets, or even in protein design, 
for example for recognizing an antigenic site or a specific DNA site.

Methods
Collection of IDPs with measured ‍R2‍
Starting from six nonhomologous IDPs in our previous MD study (Dey et al., 2022), we obtained 

‍R2‍ data for eight IDPs from the Bimolecular Magnetic Resonance Data Bank (BMRB; https://bmrb.​
io); data for two other IDPs were from our collaborators (Hicks et  al., 2020; Smrt et  al., 2023). 
Most of the 54 IDPs studied here were from searching the literature. Disorder was judged by disper-
sion in backbone amide proton chemical shifts, NOE, and SCS. ‍R2‍ data that were not available from 
the authors or BMRB were obtained by digitizing ‍R2‍ plots presented in figures of published papers, 
using WebPlotDigitizer (https://automeris.io/WebPlotDigitizer; Rohatgi, 2022) and further inspected 
visually.

Homology of IDPs was checked by sequence alignment using Clustal W (http://www.clustal.org/​
clustal2; Larkin et al., 2007), and presented as a clock-like tree using the ‘ape’ package (http://ape-​
package.ird.fr; Paradis et al., 2004). IDPs that had discernible homology with the selected training 
set were removed. Removed IDPs included HOX-SCR and β-synuclein from our previous MD study 
(Dey et al., 2022), due to homology with HOX-DFD and α-synuclein, respectively.

Coding for SeqDYN
The training of SeqDYN was coded in python, similar to our previous work for predicting residue-
specific membrane association propensities (ReSMAP; https://zhougroup-uic.github.io/ReSMAPidp/; 
Qin et al., 2022). The cost function was the sum of mean-squared-errors for the IDPs in the training 
set. We used the least_squares function in scipy.optimize, with Trust Region Reflective as the minimi-
zation algorithm and all parameters restricted to the positive range. For the web server (https://zhou-
group-uic.github.io/SeqDYNidp/; Qin and Zhou, 2024), we rewrote the prediction code javascript.
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Appendix 1

Sequences of 54 IDPs
Terminal tags and other insertions are underlined.

Training set (45 IDPs)

>A1-LCD (Uniprot ID P04256, residues 186-320; deletion of 258-263) 
​GSMA​SASS​SQRG​RSGS​GNFG​GGRG​GGFG​GNDN​FGRG​GNFS​GRGG​FGGS​RGGG​GYGG​SGDG​YNGF​GNDG​SNFG​
GGGN​YNNQ​SSNF​GPMK​GGNF​GGRS​SGPY​GGGG​QYFA​KPRN​QGGY​GGSS​SSSS​YGSGRRF 
>Aβ40 (Uniprot ID Q28053, residues 7-46) 
​DAEF​RHDS​GYEV​HHQK​LVFF​AEDV​GSNK​GAII​GLMVGGV 
>Ash1 (Uniprot ID P34233, residues 420-500) 
​GASA​SSSP​SPST​PTKS​GKMR​SRSS​SPVR​PKAY​TPSP​RSPN​YHRF​ALDS​PPQS​PRRS​SNSS​ITKK​GSRR​SSGS​
SPTR​HTTRVCV 
>Beclin1 (Uniprot ID Q14457, residues 1-150) 
​MGSS​HHHH​HHSQ​DPME​GSKT​SNNS​TMQV​SFVS​QRSS​QPLK​LDTS​FKIL​DRVT​IQEL​TAPL​LTTA​QAKP​GETQ​
EEET​NSGE​EPFI​ETPR​QDGV​SRRF​IPPA​RMMS​TESA​NSFT​LIGE​ASDG​GTME​NLSR​RLKV​TGDL​FDIM​SGQT​
DVDH​PLSE​ESTD​TLLD​QLDTY 
>CAPRIN1 (Uniprot ID Q14444, residues 607-709) 
​SRGV​SRGG​SRGA​RGLM​NGYR​GPAN​GFRG​GYDG​YRPS​FSNT​PNSG​YTQS​QFSA​PRDY​SGYQ​RDGY​QQNF​KRGS​
GQSG​PRGA​PRGR​GGPP​RPNR​GMPQ​MNTQQVN 
>CBP-ID4 (Uniprot ID Q92793, residues 1852-2057) 
​MQQQ​IQHR​LQQA​QLMR​RRMA​TMNT​RNVP​QQSL​PSPT​SAPP​GTPT​QQPS​TPQT​PQPP​AQPQ​PSPV​SMSP​AGFP​
SVAR​TQPP​TTVS​TGKP​TSQV​PAPP​PPAQ​PPPA​AVEA​ARQI​EREA​QQQQ​HLYR​VNIN​NSMP​PGRT​GMGT​PGSQ​
MAPV​SLNV​PRPN​QVSG​PVMP​SMPP​GQWQ​QAPL​PQQQ​PMPG​LPRP​VISM​QAQA​AVAG​PRMPSVQ 
>GbnD4-DHD (Uniprot ID A0A808VWJ6, residues 412-482) 
​MKHH​HHHH​HHGG​LVPR​GSHG​SDEG​VPDA​LRAD​TVPR​AGPV​RYAR​RRYW​IGEA​RSDA​LAPA​APLE​REPL​PAEA​
MGAY​FAIR​RTDA​DDTVAAH 
>ERD14 (Uniprot ID P42763, residues 1-185) 
​MAEE​IKNV​PEQE​VPKV​ATEE​SSAE​VTDR​GLFD​FLGK​KKDE​TKPE​ETPI​ASEF​EQKV​HISE​PEPE​VKHE​SLLE​
KLHR​SDSS​SSSS​SEEE​GSDG​EKRK​KKKE​KKKP​TTEV​EVKE​EEKK​GFME​KLKE​KLPG​HKKP​EDGS​AVAA​APVV​
VPPP​VEEA​HPVE​KKGI​LEKI​KEKL​PGYH​PKTT​VEEE​KKDKE 
>ExsE (Uniprot ID Q9I322, residues 1-81) 
​MKIE​SIPP​VQPS​QDAG​AEAV​GHFE​GRSV​TRAA​VRGD​DRSS​VAGL​ARWL​ARNV​AGDP​RSEQ​ALQR​LADG​DGTP​
LEAR​TVRR​REFLEGSS 
>FCP1 (Uniprot ID Q9Y5B0, residues 879-961) 
​PGPE​EQEE​EPQP​RKPG​TRRE​RTLG​APAS​SERS​AAGG​RGPR​GHKR​KLNE​EDAA​SESS​RESS​NEDE​GSSS​EADE​
MAKA​LEAE​LNDLM 
>FUS (Uniprot ID P35637, residues 1-163) 
​MASN​DYTQ​QATQ​SYGA​YPTQ​PGQG​YSQQ​SSQP​YGQQ​SYSG​YSQS​TDTS​GYGQ​SSYS​SYGQ​SQNT​GYGT​QSTP​
QGYG​STGG​YGSS​QSSQ​SSYG​QQSS​YPGY​GQQP​APSS​TSGS​YGSS​SQSS​SYGQ​PQSG​SYSQ​QPSY​GGQQ​QSYG​
QQQS​YNPP​QGYG​QQNQYNS 
>GAb1 (Uniprot ID B7Z3B9, residues 510-591) 
​SSPM​IKPK​GDKQ​VEYL​DLDL​DSGK​STPP​RKQK​SSGS​GSSV​ADER​VDYV​VVDQ​QKTL​ALKS​TREA​WTDG​RQST​
ESET​PAKSVK 
>hACTR (Uniprot ID Q9Y6Q9, residues 1023-1091) 
​GTQN​RPLL​RNSL​DDLV​GPPS​NLEG​QSDE​RALL​DQLH​TLLS​NTDA​TGLE​EIDR​ALGI​PELV​NQGQ​
ALEPK>Hahellin (Uniprot ID Q2SHN6, residues 162-252) 
​MGEK​TVKL​YEDT​HFKG​YSVE​LPVG​DYNL​SSLI​SRGA​LNDD​LSSA​RVPS​GLRL​EVFQ​HNNF​KGVR​DFYT​SDAA​
ELSR​DNDA​SSVR​VSKMETTN 
>hCSD1 (Uniprot ID P20810, residues 137-277) 
​AVPV​ESKP​DKPS​GKSG​MDAA​LDDL​IDTL​GGPE​ETEE​ENTT​YTGP​EVSD​PMSS​TYIE​ELGK​REVT​IPPK​YREL​
LAKK​EGIT​GPPA​DSSK​PIGP​DDAI​DALS​SDFT​CGSP​TAAG​KKTE​KEES​TEVL​KAQS​AGTV​RSAA​PPQEK 
>HOX-DFD (Uniprot ID P07548, residues 337-426) 

https://doi.org/10.7554/eLife.88958
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​TDGE​RIIY​PWMK​KIHV​AGVA​NGSY​QPGM​EPKR​QRTA​YTRH​QILE​LEKE​FHYN​RYLT​RRRR​IEIA​HTLV​LSER​
QIKI​WFQN​RRMK​WKKDNK 
>hZIP4-ICL2 (Uniprot ID Q6P5W5, residues 424-498) 
​GDRG​PEFE​LGTL​PRDP​EDLE​DGPC​GHSS​HSHG​GHSH​GVSL​QLAP​SELR​QPKP​PHEG​SRAD​LVAE​ESPE​LLNP​
EPRR​LSPE​LRLL​PYGH​GLSA​WSHPQFEK 
>Jaburetox (Uniprot ID I1K3K3, residues 230-320) 
​MGPV​NEAN​CKAA​MEIV​CRRE​FGHK​EEED​ASEG​VTTG​DPDC​PFTK​AIPR​EEYA​NKYG​PTIG​DKIR​LGDT​DLIA​
EIEK​DFAL​YGDE​SVFG​GGKVIH 
>KRS-NT (Uniprot ID Q15046, residues 1-72) 
​MAAV​QAAE​VKVD​GSEP​KLSK​NELK​RRLK​AEKK​VAEK​EAKQ​KELS​EKQL​SQAT​AAAT​NHTT​DNGV​GPEEESVD 
>MBP-xα2 (Uniprot ID P04370, residues 172-237) 
​SIGR​FFSG​DRGA​PKRG​SGKD​SHTR​TTHY​GSLP​QKSQ​HGRT​QDEN​PVVH​FFKN​IVTP​RTPP​PSQG​KGRGLS 
>MKK4 (Uniprot ID P45985, residues 1-86) 
​MAAP​SPSG​GGGS​GGGS​GSGT​PGPV​GSPA​PGHP​AVSS​MQGK​RKAL​KLNF​ANPP​FKST​ARFT​LNPN​PTGV​QNPH​
IERL​RTHS​IESSGK 
>N-Cby (Uniprot ID B0QY54, residues 1-63) 
​MPFF​GNTF​SPKK​TPPR​KSAS​LSNL​HSLD​RSTR​EVEL​GLEY​GSPT​MNLA​GQSL​KFEN​GQWIAET 
>Niv-PNTD (Uniprot ID P0C1C7, residues 1-406) 
​MDKL​ELVN​DGLN​IIDF​IQKN​QKEI​QKTY​GRSS​IQQP​SIKD​QTKA​WEDF​LQCT​SGES​EQVE​GGMS​KDDG​DVER​
RNLE​DLSS​TSPT​DGTI​GKRV​SNTR​DWAE​GSDD​IQLD​PVVT​DVVY​HDHG​GECT​GYGF​TSSP​ERGW​SDYT​SGAN​
NGNV​CLVS​DAKM​LSYA​PEIA​VSKE​DRET​DLVH​LENK​LSTT​GLNP​TAVP​FTLR​NLSD​PAKD​SPVI​AEHY​YGLG​
VKEQ​NVGP​QTSR​NVNL​DSIK​LYTS​DDEE​ADQL​EFED​EFAG​SSSE​VIVG​ISPE​DEEP​SSVG​GKPN​ESIG​RTIE​
GQSI​RDNL​QAKD​NKST​DVPG​AGPK​DSAV​KEEP​PQKR​LPML​AEEF​ECSG​SEDP​IIRE​LLKE​NSLI​NCQQ​GKDA​
QPPY​HWSI​ERSI​SPDK​TEIV​NGAV​QTAD​RQRP​GTPM​PKSR​GIPIKK 
>NS5A-D2D3 (Uniprot ID O92972, residues 2163-2419) 
​GHMA​SGSL​RGGE​PEPD​VTVL​TSML​TDPS​HITA​ETAK​RRLA​RGSP​PSLA​SSSA​SQLS​APSL​KATC​TTHH​DSPD​
ADLI​EANL​LWRQ​EMGG​NITR​VESE​NKVV​ILDS​FEPL​HADG​DERE​ISVA​AEIL​RKSR​KFPS​ALPI​WARP​DYNP​
PLLE​SWKD​PDYV​PPVV​HGCP​LPPT​KAPP​IPPP​RRKR​TVVL​TESN​VSSA​LAEL​ATKT​FGSS​GSSA​VDSG​TATA​
LPDQ​ASDD​GDKG​SDVE​SYSS​MPPL​EGEP​GDPD​LSDG​SWST​VSEE​ASEDVVCC 
>NUPR1 (Uniprot ID O60356, residues 2-82) 
​MRGS​HHHH​HHGS​ATFP​PATS​APQQ​PPGP​EDED​SSLD​ESDL​YSLA​HSYL​GGGG​RKGR​TKRE​AAAN​TNRP​SPGG​
HERK​LVTK​LQNS​ERKK​RGARR 
OPN (Uniprot ID F1NSM8, residues 46-264) 
​MHQD​HVDS​QSQE​HLQQ​TQND​LASL​QQTH​YSSE​ENAD​VPEQ​PDFP​DVPS​KSQE​TVDD​DDDD​DNDS​NDTD​ESDE​
VFTD​FPTE​APVA​PFNR​GDNA​GRGD​SVAY​GFRA​KAHV​VKAS​KIRK​AARK​LIED​DATT​EDGD​SQPA​GLWW​PKES​
REQN​SREL​PQHQ​SVEN​DSRP​KFDS​REVD​GGDS​KASA​GVDS​RESQ​GSVP​AVDA​SNQT​LESA​EDAE​DRHS​
IENNEVTR 
>p53TAD (Uniprot ID P04637, residues 1-71) 
​MEEP​QSDP​SVEP​PLSQ​ETFS​DLWK​LLPE​NNVL​SPLP​SQAM​DDLM​LSPD​DIEQ​WFTE​DPGP​DEAP​RMPE​AAPRV 
>PDEγ (Uniprot ID P61248, residues 1-87) 
​MNLE​PPKA​EIRS​ATRV​MGGP​VTPR​KGPP​KFKQ​RQTR​QFKS​KPPK​KGVQ​GFGD​DIPG​MEGL​GTDI​TVIA​PWEA​
FNHL​ELHE​LAQYGII 
>PKIα (Uniprot ID P61925, residues 2-76) 
​TDVE​TTYA​DFIA​SGRT​GRRN​AIHD​ILVS​SASG​NSNE​LALK​LAGL​DINK​TEGE​EDAQ​RSST​EQSG​EAQG​EAAKSES 
>Mev-PNTD (Uniprot ID P03422, residues 1-304) 
​MAEE​QARH​VKNG​LECI​RALK​AEPI​GSLA​IEEA​MAAW​SEIS​DNPG​QERA​TCRE​EKAG​SSGL​SKPC​LSAI​GSTE​
GGAP​RIRG​QGPG​ESDD​DAET​LGIP​PRNL​QASS​TGLQ​CYYV​YDHS​GEAV​KGIQ​DADS​IMVQ​SGLD​GDST​LSGG​
DNES​ENSD​VDIG​EPDT​EGYA​ITDR​GSAP​ISMG​FRAS​DVET​AEGG​EIHE​LLRL​QSRG​NNFP​KLGK​TLNV​PPPP​
DPGR​ASTS​GTPI​KKGT​ERRL​ASFG​TEIA​SLLT​GGAT​QCAR​KSPS​EPSG​PGAP​AGNV​PECV​SNAA​LIQE​WTPE​
SGTT​ISPR​SQNNEEGG 
>ProTα (Uniprot ID P06454, residues 1-111) 
​GPMS​DAAV​DTSS​EITT​KDLK​EKKE​VVEE​AENG​RDAP​ANGN​AENE​ENGE​QEAD​NEVD​EEEE​EGGE​EEEE​EEEG​
DGEE​EDGD​EDEE​AESA​TGKR​AAED​DEDD​DVDT​KKQK​TDEDD 
>Pup (Uniprot ID P9WHN4, residues 1-64) 
​MAQE​QTKR​GGGG​GDDD​DIAG​STAA​GQER​REKL​TEET​DDLL​DEID​DVLE​ENAE​DFVR​AYVQKGGQ 
>rmBG21 (Uniprot ID P04370, residues 2-190) 

https://doi.org/10.7554/eLife.88958
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​GNHS​GKRE​LSAE​KASK​DGEI​HRGE​AGKK​RSVG​KLSQ​TASE​DSDV​FGEA​DAIQ​NNGT​SAED​TAVT​DSKH​TADP​
KNNW​QGAH​PADP​GNRP​HLIR​LFSR​DAPG​REDN​TFKD​RPSE​SDEL​QTIQ​EDPT​AASG​GLDV​MASQ​KRPS​QRSK​
YLAT​ASTM​DHAR​HGFL​PRHR​DTGI​LDSI​GRFF​SGDR​GAPK​RGSG​KVSL​EHHHHHH 
>RPB1 (Uniprot ID P24928, residues 1773-1970) 
​GHMS​PNYT​PTSP​NYSP​TSPS​YSPT​SPSY​SPTS​PSYS​PSSP​RYTP​QSPT​YTPS​SPSY​SPSS​PSYS​PASP​KYTP​
TSPS​YSPS​SPEY​TPTS​PKYS​PTSP​KYSP​TSPK​YSPT​SPTY​SPTT​PKYS​PTSP​TYSP​TSPV​YTPT​SPKY​SPTS​
PTYS​PTSP​KYSP​TSPT​YSPT​SPKG​STYS​PTSP​GYSP​TSPT​YSLT​SPAI​SPDD​SDEEN 
>securin (Uniprot ID O95997, residues 1-202) 
​MATL​IYVD​KENG​EPGT​RVVA​KDGL​KLGS​GPSI​KALD​GRSQ​VSTP​RFGK​TFDA​PPAL​PKAT​RKAL​GTVN​RATE​
KSVK​TKGP​LKQK​QPSF​SAKK​MTEK​TVKA​KSSV​PASD​DAYP​EIEK​FFPF​NPLD​FESF​DLPE​EHQI​AHLP​LSGV​
PLMI​LDEE​RELE​KLFQ​LGPP​SPVK​MPSP​PWES​NLLQ​SPSS​ILST​LDVE​LPPV​CCDIDI 
>Sev-NT (Uniprot ID Q07097, residues 401-524) 
​LSGG​DGAY​HEPT​GGGA​IEVA​LDNA​DIDL​ETEA​HADQ​DARG​WGGE​SGER​WARQ​VSGG​HFVT​LHGA​ERLE​EETN​
DEDV​SDIE​RRIA​MRLA​ERRQ​EDSA​THGD​EGRN​NGVD​HDED​DDAA​AVAGIGGI 
>Sic1 (Uniprot ID P38634, residues 1-90) 
​GSMT​PSTP​PRSR​GTRY​LAQP​SGNT​SSSA​LMQG​QKTP​QKPS​QNLV​PVTP​STTK​SFKN​APLL​APPN​SNMG​MTSP​
FNGL​TSPQ​RSPF​PKSSVKRT 
>SKIPN (Uniprot ID G3V5R3, residues 59-129) 
​GDGG​AFPE​IHVA​QYPL​DMGR​KKKM​SNAL​AIQV​DSEG​KIKY​DAIA​RQGQ​SKDK​VIYS​KYTD​LVPK​EVMNADD 
>SLBP-NT (Uniprot ID Q9VAN6, residues 17-108) 
​MGSS​HHHH​HHSS​GLVP​RGSH​MGSG​SLNS​SASS​ISID​VKPT​MQSW​AQEV​RAEF​GHSD​EASS​SLNS​SAAS​CGSL​
AKKE​TADG​NLES​KDGE​GREM​AFEF​LDGV​NEVK​FERL​VKEEK 
>α-synuclein (Uniprot ID P37840, residues 1-140) 
​MDVF​MKGL​SKAK​EGVV​AAAE​KTKQ​GVAE​AAGK​TKEG​VLYV​GSKT​KEGV​VHGV​ATVA​EKTK​EQVT​NVGG​AVVT​
GVTA​VAQK​TVEG​AGSI​AAAT​GFVK​KDQL​GKNE​EGAP​QEGI​LEDM​PVDP​DNEA​YEMP​SEEG​YQDYEPEA 
>SOCS5-JIR (Uniprot ID A0A5E4BAI0, residues 12-81) 
​RSLR​QRLQ​DTVG​LCFP​MRTY​SKQS​KPLF​SNKR​KIHL​SELM​LEKC​PFPA​GSDL​AQKW​HLIK​QHTA​PVSPHS 
>tau K18 (Uniprot ID Q9MYX8, residues 186-314) 
​QTAP​VPMP​DLKN​VKSK​IGST​ENLK​HQPG​GGKV​QIIN​KKLD​LSNV​QSKC​GSKD​NIKH​VPGG​GSVQ​IVYK​PVDL​
SKVT​SKAG​SLGN​IHHK​PGGG​QVEV​KSEK​LDFK​DRVQ​SKIG​SLDN​ITHV​PGGG​NKKIE 
>TC1 (Uniprot ID Q9NR00, residues 1-106) 
​MKAK​RSHQ​AIIM​STSL​RVSP​SIHG​YHFD​TASR​KKAV​GNIF​ENTD​QESL​ERLF​RNSG​DKKA​EERA​KIIF​AIDQ​
DVEE​KTRA​LMAL​KKRT​KDKL​FQFL​KLRK​YSIKVH 
>TDP-43 (Uniprot ID Q13148, residues 267-414) 
​GHMN​RQLE​RSGR​FGGN​PGGF​GNQG​GFGN​SRGG​GAGL​GNNQ​GSNM​GGGM​NFGA​FSIN​PAMM​AAAQ​AALQ​SSWG​
MMGM​LASQ​QNQS​GPSG​NNQN​QGNM​QREP​NQAF​GSGN​NSYS​GSNS​GAAI​GWGS​ASNA​GSGS​GFNG​GFGS​SMDS​
KSSGWGM 
>γ-tubulin-CT (Uniprot ID P53378, residues 439-473) 
​LLRG​AAEQ​DSYL​DDVL​VDDE​NMVG​ELEE​DLDA​DGDHKLV

Test set (9 IDPs)

>AMOTL1 (Uniprot ID Q8IY63, residues 178-384) 
​STQP​QQNN​EELP​TYEE​AKAQ​SQFF​RGQQ​QQQQ​QQGA​VGHG​YYMA​GGTS​QKSR​TEGR​PTVN​RANS​GQAH​KDEA​
LKEL​KQGH​VRSL​SERI​MQLS​LERN​GAKQ​HLPG​SGNG​KGFK​VGGG​PSPA​QPAG​KVLD​PRGP​PPEY​PFKT​KQMM​
SPVS​KTQE​HGLF​YGDQ​HPGM​LHEM​VKPY​PAPQ​PVRT​DVAV​LRYQ​PPPE​YGVT​SRPC​QLPFPST 
>CAHS-8 (Uniprot ID P0CU50, residues 1-227) 
​MSGR​NVES​HMER​NEKV​VVNN​SGHA​DVKK​QQQQ​VEHT​EFTH​TEVK​APLI​HPAP​PIIS​TGAA​GLAE​EIVG​QGFT​
ASAA​RISG​GTAE​VHLQ​PSAA​MTEE​ARRD​QERY​RQEQ​ESIA​KQQE​REME​KKTE​AYRK​TAEA​EAEK​IRKE​LEKQ​
HARD​VEFR​KDLI​ESTI​DRQK​REVD​LEAK​MAKR​ELDR​EGQL​AKEA​LERS​RLAT​NVEV​NFDS​AAGH​TVSG​GTTV​
STSD​KMEI​KRNE​NLYFQ 
>ChiZ (Uniprot ID I6YA32, residues 1-64) 
​MTPV​RPPH​TPDP​LNLR​GPLD​GPRW​RRAE​PAQS​RRPG​RSRP​GGAP​LRYH​RTGV​GMSR​TGHGSRPV 
>-endosulfine (Uniprot ID O43768, residues 1-121) 

https://doi.org/10.7554/eLife.88958
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​MSQK​QEEE​NPAE​ETGE​EKQD​TQEK​EGIL​PERA​EEAK​LKAK​YPSL​GQKP​GGSD​FLMK​RLQK​GQKY​FDSG​DYNM​
AKAK​MKNK​QLPS​AGPD​KNLV​TGDH​IPTP​QDLP​QRKS​SLVT​SKLA​GGQVE 
>FtsQ (Uniprot ID Q8IY63, residues 1-99) 
​MTEH​NEDP​QIER​VADD​AADE​EAVT​EPLA​TESK​DEPA​EHPE​FEGP​RRRA​RRER​AERR​AAQA​RATA​IEQA​RRAA​
KRRA​RGQI​VSEQ​NPAK​PAAR​GVVRGLK 
>Pdx1 (Uniprot ID P52945, residues 204-283) 
​GPGE​EDKK​RGGG​TAVG​GGGV​AEPE​QDCA​VTSG​EELL​ALPP​PPPP​GGAV​PPAA​PVAA​REGR​LPPG​LSAS​PQPS​
SVAP​RRPQEPR 
>synaptobrevin-2 (Uniprot ID P63027, residues 1-96) 
​MSAT​AATA​PPAA​PAGE​GGPP​APPP​NLTS​NRRL​QQTQ​AQVD​EVVD​IMRV​NVDK​VLER​DQKL​SELD​DRAD​ALQA​
GASQ​FETS​AAKL​KRKY​WWKNLKMM 
>TIA-1 (Uniprot ID P31483, residues 320-386) 
​MGSS​HHHH​HHHH​HHHH​SENL​YFQG​GQYV​PNGW​QVPA​YGVY​GQPW​SQQG​FNQT​QSSA​PWMG​PNYS​VPPP​QGQN​
GSML​PSQP​AGYR​VAGYETQ 
>YAP (Uniprot ID P46937, residues 50-171) 
​AGHQ​IVHV​RGDS​ETDL​EALF​NAVM​NPKT​ANVP​QTVP​MRLR​KLPD​SFFK​PPEP​KSHS​RQAS​TDAG​TAGA​LTPQ​
HVRA​HSSP​ASLQ​LGAV​SPGT​LTPT​GVVS​GPAA​TPTA​QHLR​QSSF​EIPDDV

https://doi.org/10.7554/eLife.88958
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