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Abstract 

Intrinsically disordered proteins and regions (IDP/IDRs) are ubiquitous across all domains of 

life. Characterized by a lack of a stable tertiary structure, IDP/IDRs populate a diverse set of 

transiently formed structural states that can promiscuously adapt upon binding with specific 

interaction partners and/or certain alterations in environmental conditions. This malleability is 

foundational for their role as tunable interaction hubs in core cellular processes such as 

signaling, transcription and translation. Tracing the conformational ensemble of an IDP/IDR 

and its perturbation in response to regulatory cues is thus paramount for illuminating its 

function. However, IDP/IDRs conformational heterogeneity poses several challenges. Here, we 

review experimental and computational methods devised to disentangle the conformational 

landscape of IDP/IDRs, highlighting recent computational advances that permit proteome-wide 

scans of IDP/IDRs conformations. We briefly evaluate selected computational methods using 

the disordered N-terminal of the human copper transporter 1 as a testcase and outline further 

challenges in IDP/IDRs ensemble prediction.  
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Introduction 

Intrinsically disordered proteins (IDPs) and regions (IDRs) are defined by a lack of a stable 

three-dimensional structure1. Instead, they exist in an ensemble of interconverting structurally-

distinct conformations. This dynamic heterogeneity is encoded by their sequence composition, 

characterized by a deficiency of hydrophobic amino acids that prevents the formation of a stable 

hydrophobic core1. Nevertheless, IDRs are not completely structureless as they can incorporate 

transient secondary structure elements and may even undergo partial or complete folding upon 

binding to proteins or nucleic acids (disorder-to-order transition)2,3. Conversely, some IDP/IDR 

remain disordered also in their bound states (disorder-to-disorder transitions) or populate a 

mixture of ordered and disordered states2–5. 

IDPs and IDRs can be reliably predicted on the basis of sequence information alone6–9. 

Bioinformatic analyses revealed IDRs represent a good chunk of the human proteome; 30 % of 

all residues were estimated to be located in IDRs with 70 % of proteins containing at least one 

IDR composed of more than 30 amino acids10. Thus, it is not surprising that IDRs participate 

in numerous cellular processes such as transcription, signaling, regulation and subcellular 

organization, where it is precisely their disordered nature and facile malleability by 

environmental cues, such as pH, ionic strength, posttranslational modifications, and 

intermolecular interactions, the key feature that enables them to perform their roles11–13. For 

example, KRas4B, a representative of Ras proteins that are part of many signaling pathways, 

contains a flexible C-terminal region that can be either disordered or assume an α-helical 

conformation (Fig. 1a)14–16. The position of the equilibrium between these two states, governed 

by GDP/GTP ligand binding, posttranslational modifications and intermolecular interactions 

with other proteins, determines whether KRas4B will be present at the plasma membrane, 

where it performs its signaling function, or inactivated in the cytosol14–16. IDRs were observed 

to also mediate and regulate transmembrane transport. The N-terminal IDR of the human copper 
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(Cu(I)) transporter hCtr1 collects copper ions from the extracellular environment and passes 

them on to the selectivity filter in the transmembrane domain (Fig. 1b)17,18. The molecular basis 

for its function appears to be a shift in its conformational ensemble, induced by copper ion 

binding, that triggers these rather long-range movements18. IDRs are also important as 

malleable scaffolds for formation of large complex assemblies. The spliceosome, an RNA-

protein complex responsible for pre-mRNA splicing contains numerous IDRs that are crucial 

for guiding the spliceosome through the substantial structural transitions that occur each 

splicing cycle (Fig. 1c)19,20. They achieve this by adopting different conformational ensembles 

in response to recruitment of different splicing factors to the spliceosome at different splicing 

stages. Finally, the conformational plasticity of IDP/IDRs can also have detrimental effects. α-

synuclein, a disordered protein implicated in the folding of SNARE proteins, can, under certain 

conditions, undergo oligomerization to form β-sheet rich filaments that promote development 

of neurodegenerative diseases such as Parkinson’s disease21–24. 
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Figure 1. Conformational plasticity of IDP/IDRs is the cornerstone of their cellular functions. 

(a) The conformational state of the C-terminal IDR of Kras4B governs its cellular location and 

signaling potential. (b) The N-terminal domain of hCtr1 transports Cu ions from the 

extracellular matrix to the selectivity filter in the transporter lumen. (c) IDRs in the spliceosome 

facilitate its conformational and compositional transitions. (d) Oligomerization of α-synuclein, 

induced by its cellular accumulation, mutations, binding events and other factors, results in 

development of neurodegenerative pathologies such as Parkinson’s disease. 

The described examples make abundantly clear that determining the conformational ensemble 

of an IDR and how the latter is modulated by cellular conditions is paramount for deciphering 

its function, analogously to the structure-function paradigm established for well-folded 

proteins.  

Here, we will briefly delineate the experimental techniques for studying the structural properties 

of IDRs, before focusing on computational approaches for generating IDRs’ conformational 

ensembles, spotlighting recent exciting developments. Next, we benchmark the conformational 

ensembles of the hCtr1 N-terminal domain obtained with selected computational methods. 

Finally, we discuss the most pertinent challenges obstructing further advancements in the field 

and speculate how they could be overcome. 

Experimental methods 

X-ray crystallography and cryo-EM are fairly impotent when characterizing IDRs, although 

cryo-EM maps do provide some information about IDRs approximate averaged location. 

Instead, nuclear magnetic resonance (NMR), small angle X-ray scattering (SAXS) and Förster 

resonance energy transfer (FRET) are the methods of choice when it comes to experimental 

studies of IDRs25–29.  
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NMR spectroscopy in its myriad iterations can provide extensive structural information at 

various levels. Chemical shifts report on the local environment of individual nuclei, J-couplings 

contain information about dihedral angles, while residual dipolar couplings reflect the relative 

orientation of individual protein regions27,30–33. Perhaps most useful is the 2D nuclear 

Overhouser effect (NOE) spectroscopy, which describes the spatial separation between 

individual nuclei27,34. Paramagnetic relaxation enhancement (PRE) experiments similarly report 

on tertiary structure contacts between an attached spin label, brandishing an unpaired electron, 

and other protein regions32,35. Due to the high sensitivity of relaxation times to the proximity of 

the spin label even transient contacts can be detected. Furthermore, NMR spectroscopy is also 

highly amenable to structural studies of complexes IDRs form with proteins, nucleic acids or 

small molecules, since NMR labeled species (13C, 15N) can be clearly distinguished from 

unlabeled. Finally, valuable information on IDR dynamics can be extracted down to 

nanosecond timescales31. Taken together, NMR spectroscopy is a powerful method for 

characterizing IDRs structural ensembles under various solution conditions. Unfortunately, 

there are certain drawbacks that need to be considered27,30–32. First, NMR is an ensemble 

method, thus all observables correspond to ensemble averages reducing spatial resolution. 

Second, NMR is highly time and resource consuming, and cannot be performed in high 

throughput regime. For reliable and complete peak assignation, proteins must be 13C/15N labeled 

and various multidimensional NMR spectra collected. In case of PRE experiments, the spin 

label must be introduced at several positions and its potential perturbation of the IDR’s 

conformation ensemble carefully evaluated. It is also important to note that in order to achieve 

satisfactory signal-to-noise ratio, NMR experiments must be performed at relatively high 

concentrations, which requires isolation or synthesis of large amounts of sample, further 

increasing experimental costs. More troublingly, high sample concentration can lead to spurious 

intermolecular contacts that are not present at physiological conditions and can lead to 
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aggregation in the worst-case scenario. While in-vivo NMR approaches are being developed, 

allowing investigation of IDRs under exact cellular conditions, they still require 

overexpression36. Finally, regardless of the wealth of obtained structural restraints, they will 

still be inferior in number to the degrees of freedom available to an IDR. Thus, to obtain a 

detailed conformational ensemble, results of NMR experiments are frequently integrated with 

molecular simulations.  

SAXS, another ensemble method, is primarily used to extract the average radius of gyration 

(Rg) from scattering recorded at low values of the scattering vector37. These measurements can 

be performed in high throughput mode, at relatively low sample concentration, allowing for 

facile assessment of the effect of solution conditions, such as ionic strength, temperature, pH 

or posttranslational modifications on IDRs’ compactness. Conversely, estimating the effect of 

protein or nucleic acid binding is more laborious, since deconvoluting the contribution of 

individual species to the scattering profile is not straightforward. Going beyond Rg 

determination, it is also possible to construct a conformational ensemble on the basis of the 

whole SAXS profile38,39. However, the measurements must be carried out at higher 

concentrations. Additionally, due to its low information content the SAXS curve can be 

adequately described by multiple different ensembles, necessitating integration with other 

experimental and computational techniques37,40.  

FRET reports the average distance distribution between two fluorescently labeled sites. Similar 

to PRE, for detailed structural characterization labeling must be performed at different sites and 

the effect of labels on IDRs conformations carefully considered. The main advantages of FRET 

are that it can be performed in vivo, at micromolar concentration and picosecond resolution, 

allowing the study of IDRs structural and dynamic properties in the cellular milieu, where 

solution conditions are vastly different than in vitro, where IDR studies are usually 

performed25,26. Somewhat reassuringly, a recent study employing live cell FRET microscopy 
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demonstrated that IDRs structural properties measured in vitro are largely recapitulated in the 

cellular environment41. Finally, FRET can also be carried out in the single-molecule (sm) mode, 

enabling the extraction of distance distributions rather than average values, facilitating a more 

detailed structural characterization of the IDR ensemble. 

Double electron-electron resonance (DEER) spectroscopy, utilizing nitroxide containing labels 

such as MTSSL, provides similar structural information28,33,42. In comparison to smFRET, it 

enables easier extraction of distance distributions from the measured signal. Moreover, in-vivo 

DEER methodologies are being developed in the past years, allowing to extract distance 

distribution on over-expressed proteins in the cellular environment43,44. 

Finally, atomic force microscopy is emerging as a novel, single molecule techniques for 

determining the height and length distribution of an IDR ensemble and detecting transient 

secondary structure elements. Currently, the method is still in its nascent state with many 

aspects requiring improvement, including temporal resolution and the effect of the liquid-mica 

interface, where molecules are immobilized, on ensemble properties45. 

Computational methods 

The free energy surface of IDRs and IDPs is characterized by numerous shallow minima spread 

over a vast conformational landscape (Fig. 2). Since the free energy differences between 

individual minima are relatively low, structural ensembles of IDRs can be significantly affected 

by changing context. Well-folded proteins instead display a smooth energy surface with a single 

or couple local minima. This fundamental difference is the underlying cause why both 

experimental and computational studies of IDRs are still so challenging, while prediction 

software like AlphaFold46 and trRosetta47, backed by experimentally determined structures 

collected in the Protein Data Bank, have arguably solved the folding problem for structured 

proteins.  
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Figure 2. Schematic depiction of the free energy profile for an intrinsically disordered 

protein/region (IDP/IDR, left) and an (idealized) well-folded protein (right). In case of 

IDP/IDRs, changes in solution conditions, such as pH, ionic strength, introduction of 

posttranslational modifications or ligand/protein binding significantly alter the relative free 

energy differences between local minima, corresponding to different conformations. On the 

other hand, the free energy profile of well-folded proteins, characterized by a single deep 

minimum conformation, remains mainly unaffected by such perturbations. 

Several computational methods and models have been developed or extended for retrieving 

structural ensembles of IDRs. All-atom molecular dynamics (MD) can yield IDR 

conformational ensembles at atomic-level resolution18,48–51. The fidelity of such simulations 

hinges on the accuracy of the applied force field and the extent of conformational sampling. In 

recent years, several force fields have been optimized for describing disordered proteins, with 

CHARMM36m52 and ff99SB-disp53 being most broadly applied. Conversely, efficient 

sampling of the conformational space is still a formidable challenge due to both kinetic barriers 

that trap the simulation in various local minima and high dimensionality of the conformational 
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space that can be feasibly occupied by the IDR. In order to speed up the conformational space 

search, parallel tempering is routinely applied54. Here, multiple replicas are run in parallel at 

different temperatures (temperature replica exchange, TREX)55 or different Hamiltonians 

(Hamiltonian replica exchange, HREX)56,57 and coordinates between individual replicas are 

regularly exchanged. HREX comes at a reduced computational cost since only the solute 

molecule is effectively heated up through scaling of certain force field terms, reducing the 

number of needed replicas. Recently, a hybrid replica exchange method was proposed where in 

addition to Hamiltonian scaling, replicas are also run at different temperatures, accelerating 

water dynamics at a modest increase in computational cost58. The method was used to generate 

a conformational ensemble for Histatin-5, 24 amino acid long IDP that was in good agreement 

with circular dichroism (CD), NMR and SAXS data. It is important to underline these methods 

do not rely on any collective variables (CVs) for improving sampling. While CV-based 

methods, such as well-tempered metadynamics59 and bias exchange metadynamics (BEMD)51, 

can also be utilized, the improvement in sampling efficiency in these cases is heavily dependent 

on CV selection. The choice of CVs that will optimally improve the search of conformational 

space is a non-trivial task and frequently requires prior information about the free energy 

landscape either from experiments or previous simulations. While approaches that utilize 

machine learning to identify an optimal set of CVs from short trial MD trajectories are being 

developed, they have not yet been broadly applied to the study of IDRs60,61. 

Indirect approaches for improving sampling have also been proposed. Zhou and co-workers 

developed a generative autoencoder that can construct a full conformational ensemble on the 

basis of short MD simulations62. They demonstrated that by employing their autoencoder, 

simulation time could be reduced by at least 70 % without significantly impacting the quality 

of the obtained conformational ensemble. Alternatively, since in IDRs the local structure is 

primarily determined by short-range interactions, hierarchical chain growth (HCG) can also be 
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employed to improve conformational sampling63. Here, the protein chain is divided into short 

overlapping fragments that are simulated with replica exchange MD, yielding pools of fragment 

conformations. To produce a conformational ensemble for the whole IDR, fragments are 

randomly selected from the generated pools and assembled together in a hierarchical manner. 

Importantly, a pool for a specific fragment needs to be generated only once and is fully 

transferable between protein sequences containing the same fragment, enabling creation of a 

fragment library, on the basis of which a generic IDR ensemble can be generated on the fly. 

Indeed, a library of dimer fragments was made available at https://bio-

phys.pages.mpcdf.de/hcg-from-library/ by Hummer and co-workers. HCG ensemble derived 

for α-synuclein using 5 residue long fragments was shown to be in good agreement with SAXS-

determined Rg, however the conformational ensemble could be further refined with short 100 

ns MD simulations64. 

Often, all-atom simulations are integrated with experimental restrains to improve their 

accuracy65. This can be achieved by introducing a bias during simulation itself, ensuring 

experimentally observed conformations are sampled, or performing posteriori reweighting of 

the generated ensembles with maximum entropy or Bayesian inference40,66,67. Recently, it was 

demonstrated that in the absence of experimental data even inter-residue distance maps obtained 

from AlphaFold46 can be used to improve the conformational ensemble obtained from MD so 

that is better matches experimentally determined distribution of Rg68. Posteriori reweighting is 

particularly advantageous for investigating the effect of solution condition on the 

conformational ensemble since the simulations do not need to be rerun, but only reweighted 

against appropriate experimental data to reflect the relative change in the free energy of 

different local minima (Fig. 2).  

Alternatively, one can resort to coarse grained (CG) protein models, where each residue is 

treated as a single bead and water is treated implicitly through the dielectric constant. Several 
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CG models have been developed specifically to treat IDRs. Examples include the 

hydrophobicity scale (HPS) model69, CALVADOS270 and Mpipi71. These models are 

parametrized to agree with SAXS-, FRET- and PRE-derived Rgs (HPS, CALVADOS2) or 

atomistic simulations (Mpipi) by optimizing certain parameters in the non-bonded short-range 

interaction terms. While these models do not provide any information on secondary structure 

formation unlike atomistic simulations, they describe well global ensemble properties such as 

Rg, end-to-end distance (Re) and liquid-liquid-phase separation propensity. Moreover, 

application of CG force fields leads to significant computational cost reduction. Thus, they can 

be leveraged to analyze a large number of IDR sequences with the aim of extracting how IDR 

primary sequence dictates the ensemble dimensions and, in turn, the function. Indeed, 

CALVADOS2 was employed to predict ensemble properties for all IDRs of the human 

proteome between 30 and 1500 amino acids in length72. Simulated conformational ensembles 

and calculated ensemble properties have been collected in on open online database 

(https://sid.erda.dk/cgi-sid/ls.py?share_id=AVZAJvJnCO). By performing gene ontology 

analysis, the authors revealed that compact IDRs are significantly more common in proteins 

binding chromatin and DNA cis- regulatory elements, while extended IDRs are more frequently 

present in protein exhibiting G-protein coupled activity or GTA binding72. 

In recent years, inspired by successes of AlphaFold46 and trRosetta47 for predicting the structure 

of well-folded proteins solely on the basis of amino acid sequence, several machine learning 

models have been developed that enable the prediction of either ensemble properties or the 

conformational ensemble itself from sequence. Notable examples include ALBATROSS73, a 

deep-learning model for prediction of Rg, Re, asphericity and apparent polymer-scaling, and 

idpGAN74, a generative adversarial network that outputs conformational ensembles. 

ALBATROSS was trained on Rg and Re values obtained by performing CG simulations on 

synthetic IDR sequences between 10 and 750 amino acids in length using a modified Mpipi 
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force field, while idpGAN was trained on conformational ensembles generated with MD 

simulation where IDRs were described wither with the CG force field COCOMO75 or the 

atomistic ABSINTH potential with implicit solvent76. The CG-based idpGAN works well for 

sequences up to 200 amino acids, while ABSINTH-based model is applicable to sequences up 

to 40 amino acids in length, mirroring the compositions of the training sets74. These models are 

characterized by their rapid execution times (several sequences per second). For example, 

ALBATROSS was used to analyze the ensemble properties across the human proteome in mere 

minutes73. Based on the accumulated data, the authors were able to identify the net charge 

presence of proline residues as the main drivers for IDR extension, while chain compactness 

was associated with the presence of Tyr, Trp, Phe, His, Arg, Glu and Gln residues. Similar to 

CG models, these methods are particularly suited for assessing how IDR ensemble properties 

are dictated by the amino acid sequence, conserved across evolution or affected by pathological 

mutations, offering insight into disease mechanisms.  
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Figure 3. Comparison of the conformational ensembles of the N-terminal domain of hCtr1 

generated with selected computational methods: HREX, ABSINTH-based and CG-based 

idpGAN (abs-idpGAN and cg-idpGAN, respectively), CG model CALVADOS2 and 

hierarchical chain growth (HCG). (a) Distribution of the radius of gyration (nm). (b) 

Distribution of the end-to-end distance (nm). (c) Projection of conformations on the first two 
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principle components extracted on the basis of the ensemble obtained from HREX. (d) Table 

comparing experimentally determined average radius of gyration (Rg) values for selected IDR 

systems with results of different computational methods18,53,77–83.  

As a brief benchmark, we evaluated the performance of selected described methods for 

generating IDR conformational ensembles employing the N-terminal of hCtr1 as a testcase (Fig. 

3). Conformational ensembles generated with the ABSINTH-based and CG-based idpGAN, the 

CG model CALVADOS2, and HCG were compared to that obtained with all-atom HREX MD 

simulations using the ff99SB-disp53, where 32 replicas were run for 1.3 µs each, and verified 

by CD spectroscopy, as reported previously18. ABSINTH-based and CG-based idpGAN 

ensembles, both containing 5000 conformations, were predicted employing the Colab notebook 

(https://colab.research.google.com/github/feiglab/idpgan/blob/main/notebooks/idpgan_experi

ments.ipynb). The ensemble obtained with CALVADOS2 was downloaded from the online 

database (https://sid.erda.dk/cgi-sid/ls.py?share_id=AVZAJvJnCO). Finally, to construct an 

ensemble of 5000 conformations with HCG, we utilized the web application based on a two-

residue fragment library (https://bio-phys.pages.mpcdf.de/hcg-from-library/). We analyzed 

global ensemble dimensions, such as Rg and Re (Fig. 3a and b), and projections of 

conformations on a two-dimensional surface (Fig. 3c), defined by the first two components 

obtained from the principal component analysis of the HREX trajectory. Interestingly, we 

observed that the distribution of the Rg and Re values obtained from ABSINTH-based idpGAN 

matched well those determined from HREX simulations, even though the length of the sequence 

somewhat surpassed the optimal range. Other tested approaches, instead, predicted a more 

extended ensemble. Projection of conformations on the principal component space determined 

on the basis of the HREX trajectory indicates that ABSINTH-based and CG-based idpGAN 

sampled only a subset of states observed in the HREX simulation. On the other hand, 

CALVADOS2 and HCG ensembles are more spread out along the PC2 axis, suggesting they 



16 
 

contain additional extended conformations not present in the HREX trajectory. We speculate 

the observed discrepancy between the HREX ensemble and CG-based ensemble predictions 

(cg-idpGAN and CALVADOS2), might be attributed to their neglect of secondary structure 

elements, leading to more extended conformations72,73. This effect might particularly prominent 

here, since the N-terminus of hCtr1 contains both α-helical and β-sheet fragments18. On the 

other hand, the extended HCG ensemble is most likely due to the use of the two-residue 

fragment library. Use of longer fragments would likely lead to a better description of local 

organization and more compact conformations64. Comparing average Rg values of additionally 

selected IDR systems revealed a similar trend. All atom MD simulations utilizing the ff99SB-

disp force field were in excellent agreement with experimentally determined Rgs. abs-idpGAN 

led to more compact ensembles than experimentally observed in several cases. Instead, CG 

models and HCG predicted more extended ensembles, but the agreement with experimentally 

reported Rgs was mostly satisfactory. The only exception to this trend is the RS-peptide, where 

CG models perform better than all atom MD. The latter predicts a higher Rg values than what 

is expected based on experiments. 

Challenges and outlook 

As we have outlined above, current experimental techniques, supported by computer 

simulations, permit fairly reliable exploration of IDRs sequence-ensemble-function relationship 

and its modulation by alternating environmental conditions. However, these investigations are 

intensely resource and time consuming and can consequently be done only on a case-by-case 

basis. Similarly, there are still significant barriers that need to be overcome before we can obtain 

a complete picture of structural and functional behavior of all IDRs across the human or other 

proteomes on the basis of theoretical methods alone.  

One of the major problems that is afflicting all approaches is the current inability to reliably 

predict IDRs binding regions and their associated binding partners. While tools for detecting 
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known interacting motifs, so called “molecular recognition features” (MoRFs)84 and “short 

linear motifs” (SLIMs)85 and identifying likely protein, nucleic acid and lipid binding regions 

exist, they neither list putative interaction partners nor provide any estimate for the structural 

ensemble of the formed complex3,5,86,87. Conversely, no predictors of metal or small molecule 

binding are currently available. We foresee that with current developments in the field it will 

soon be possible to generate ensemble structures for a subset of IDRs’ complexes, where IDRs 

utilize MoRFs and SLIMs to bind well-folded proteins and undergo full or partial folding upon 

binding. We estimate this could be achieved by combining meticulously constructed SLIM- 

and MoRF-centric databases that gather all instances of experimentally identified short 

interacting motifs and related binding partners88, AlphaFold-multimer tools for structure 

prediction of protein-protein complexes89,90 and tools for predicting conformational IDR 

ensembles (such as idpGAN) for the part that remains disordered. These models would likely 

need to be refined by MD simulations to capture the effect of the folded portion on the 

disordered region and/or any auxiliary interactions that contribute to molecular recognition. On 

the other hand, predicting structural ensembles of IDR/nucleic acid or completely disordered 

protein complexes seems still out of reach, primarily due to limited reference data available for 

these systems.  

On top of that, each computational approach is further hampered by its particular set of 

limitations. In case of classical atomistic simulations, the prescriptions for generating a potential 

energy function are sufficiently established to permit topology preparation for an arbitrary 

system. Consequently, IDRs can be simulated in any relevant solution condition and in the 

presence of whatever posttranslational modification or interacting molecule. The main 

drawback of all-atom simulation is their computational cost. Regardless of the methodological 

improvements described above, an exhaustive exploration of conformational space can be 

currently performed for IDRs up to approximately 100 residues in length. CG forcefields, on 
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the other hand, are computationally lean, but unable to describe how IDRs’ ensembles are 

affected by the presence of the folded domain, posttranslational modifications, change in pH or 

ionic strength and ligand or protein binding, including homo-oligomerization. While CG 

models optimized for IDRs could theoretically be used also for systems where IDRs are 

anchored or bound to a well-folded domain, their accuracy in such cases has not been 

adequately examined91. Inclusion of pH and ionic strength effects could be achieved by 

introduction of additional terms in the potential function. Similarly, certain common 

posttranslational modifications, such as phosphorylation and acetylation, could be incorporated 

by mapping them onto additional beads. Mpipi, for example was extended for IDP/RNA 

systems by including 4 more beads, one for each nucleotide71. Of course, such extensions would 

also require reparameterization of CG models against appropriate data. However, for many of 

the described scenarios, sufficient data for reliable parametrization from experiments or 

rigorous atomistic simulation is still not available. This accentuates the importance of 

continuous exploration of IDRs conformational space and continuous deposition of obtained 

ensembles into databases such as Protein Ensemble Database (PED)92. Establishment of 

exhaustive databases is particularly important to fully exploit the artificial intelligence 

revolution for IDR research, since the performance of machine learning models hinges on the 

quality of the utilized training set. Recently, to increase the usability of experimental data on 

IDR structural ensemble, a minimum information guideline has been put forth, outlining 

essential information that should be included when reporting the results of IDR structural 

experiments in scientific publications or submitting data to curated databases such as PED93. 

These guidelines aim to bolster the interpretability of experimental results and facilitate a 

reliable and accurate comparison of independent datasets collected by different methods and/or 

research groups. Regarding the latter, the establishment of approaches for evaluating the 

agreement of proposed IDR ensembles with all of the available experimental data as well as for 
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quantifying the similarity of individual ensembles is of high importance. Lincoff et al. have 

developed a Bayesian statistical model, named Extended Experimental Inferential Structure 

Determination (X-EISD) method, that allows ranking of IDR ensembles based on their 

agreement with a wide array of experimental data, such as NMR chemical shifts, J-couplings, 

NOEs, PREs, RDCs, hydrodynamic radii, smFRET transfer efficiencies and SAXS profiles, 

facilitating integrative structure modelling94,95. However, often the high conformational 

flexibility of IDRs precludes the identification of a single ‘best’ ensemble based on the available 

experimental data. Instead, multiple distinct ensembles that describe the available experimental 

data equally well can be constructed. For assessing the degree of local similarity between 

equivalent IDR conformational ensembles, metrices based on comparing inter-residue distance 

distributions probability distributions of backbone torsional angles (ρ,ψ) have been 

proposed96,97. These methods enable identification of regions with a similar conformational 

arrangement across diverse ensembles, suggesting a specific structural preference and 

functional relevance, and can therefore substantially enrich the analysis of IDR ensembles.  

Conclusion  

From a molecular viewpoint, IDRs can be understood as interaction hubs that can sophistically 

balance their network of interactions on-the-fly in response to environmental signals and thus 

facilitate a rapid cellular adaptation to changing conditions. This adaptation can be direct and 

instantaneous (e.g. modulation of binding affinity, transport efficiency or catalytic activity) or 

occur on longer time scales through transcription, translation and/or degradation. Thus, they 

can be viewed as cellular integrators that receive both intracellular and extracellular signals and 

combine them to produce a best possible cellular response to ensure the cell’s correct 

functioning. Their role as master regulators is complementary to that of folded protein domains 

and therefore no less important for comprehending the internal workings of the cell. 

Additionally, due to their emergence as novel drug targets98–100, the persistent exploration of 
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their biological function in fine mechanistic detail and further development of dedicated 

computational and theoretical tools is still highly relevant. 
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