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Summary

Intrinsically disordered proteins (IDPs) and intrinsically disordered regions (IDRs)
play essential roles in cellular regulation, signaling, and molecular recognition. Un-
like globular proteins, their biological function arises from dynamic conformational
ensembles rather than from a single well-defined three-dimensional structure. Accu-
rately representing and interpreting these ensembles therefore represents a central
challenge in modern structural biology. This thesis addresses this challenge by con-
tributing to the infrastructure, methodology, and computational analysis required
for ensemble-based protein structure representation, with a particular focus on
intrinsically disordered systems.

The first part of the thesis focuses on infrastructure for conformational ensembles
of IDPs. A major contribution is the development and extension of the Protein
Ensemble Database (PED), a database for conformational ensembles of flexible and
disordered proteins. Through multiple updates, PED has evolved into a resource
that supports experimentally derived ensembles, curated metadata, and automated
deposition and validation workflows. This work also includes the integration of
high-performance computing resources via DRMA Atic to automate validation and
large-scale deposition pipelines, as well as the implementation of batch deposition
strategies that enabled the inclusion of large predicted ensemble datasets.

The second part of the thesis addresses the lack of standardization in ensemble
determination by proposing a unified conceptual framework. This framework decom-
poses ensemble determination into three core components: experimental methods,
computational ensemble generation, and validation and comparison. Building on
this framework, the thesis also contributes a comprehensive review of state-of-the-art
experimental, computational, and integrative approaches for determining conforma-
tional ensembles of IDPs. Particular emphasis is placed on uncertainty quantification,
avoidance of overfitting, and the need for systematic benchmarking. These consid-
erations culminate in the proposal of the IDP Ensemble Benchmarking Challenge
(IDP-Bench), a community-driven initiative designed to enable fair, transparent, and
reproducible assessment of ensemble generation methods.

The final part of the thesis introduces a computational tool for the analysis and
comparison of conformational ensembles. By developing and applying ensemble-level
descriptors and comparison metrics, this work demonstrates how ensemble properties
can be quantified and compared. This tool provides a bridge between raw ensemble
representations and biological interpretation, enabling systematic assessment of
structural heterogeneity, robustness, and physical plausibility.

Overall, this thesis advances ensemble-based modeling of IDPs by integrating infras-
tructure development, methodological standardization, and computational analysis.
By enabling more reliable characterization of conformational ensembles and their
dynamic properties, this work also provides a foundation for investigating IDPs as
potential drug targets, where understanding ensemble modulation, transient binding
sites, and context-dependent interactions is essential for rational therapeutic design.
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1— Introduction

1.1 Proteins and Their Functional Diversity

Proteins have been recognised and studied for more than two centuries. In the late
1700s, Antoine Fourcroy and others described several “albuminous materials”, such as
albumin, fibrin, gelatin, and gluten, as distinct substances found in animals and plants.
In the 1830s, Gerardus Johannes Mulder analysed these materials and suggested
that they shared a common formula, and Jons Jacob Berzelius introduced the term
protein, derived from the Greek word proteios, meaning “primary”, to emphasise their
fundamental role in living organisms. Later contributions by nutritional scientists,
including Carl von Voit, Thomas Burr Osborne, Lafayette Mendel, and William
Cumming Rose, connected specific amino acids and dietary protein intake to growth
and health. Progress in protein purification and structural methods during the 20th
century, such as X-ray crystallography and protein sequencing, transformed proteins
from vaguely defined “albumins” into well-characterised macromolecules [1]. Within
the modern molecular framework, gene expression follows the central dogma (Fig
1-b), in which information stored in our genes, i.e DNA is transcribed into RNA and
subsequently translated into proteins, generating polypeptide chains that fold and
execute cellular functions.

Proteins are now understood as large biological macromolecules composed of one
or more long chains of amino acids (Fig 1-a). Their extensive functional diversity
underpins nearly all processes in living cells. Each polypeptide is formed by linking
amino acids through peptide bonds into a specific sequence encoded by a gene,
and this sequence normally folds into a defined three-dimensional structure that
determines its functional properties. Even small sequence variations, or chemical
modifications introduced after synthesis, can influence folding, stability, and activity,
generating functional diversity from the same fundamental components. Proteins may
also include non-peptide elements, such as metal ions or organic cofactors, and they
frequently assemble into complexes, enabling multiple subunits to cooperate within a
shared functional task. Because proteins are continuously synthesised and degraded
through protein turnover, cells can adjust their proteome dynamically, replacing
damaged or misfolded molecules and adapting functional capacity to environmental
changes or developmental requirements.

This molecular versatility explains why proteins participate in almost every cellular
process, including catalysis, signalling, and structural support. Many proteins act
as highly specific enzymes, accelerating thousands of biochemical reactions across
metabolism, DNA replication, repair, and transcription, often through a few key
residues located in a precisely formed active site [2]. Other proteins play structural
roles: fibrous proteins such as collagen and elastin provide rigidity or elasticity to
tissues, whereas actin and myosin, although globular as monomers, assemble into
cytoskeletal and contractile filaments that determine cell shape and drive muscle
contraction [3]. Moreover, proteins also specialise in communication and defence.
Hormones such as insulin controls the glucose metabolism through the dual feedback
loop; linking glucose concentration with insulin in plasma [4], membrane receptors
convert extracellular stimuli into intracellular responses [5], and antibodies recognise



foreign antigens with high specificity to coordinate appropriate immune reaction
[6]. Transport proteins further expand functional diversity: haemoglobin binds and
releases oxygen as it circulates through the bloodstream [7], membrane channels
and carriers regulate ion and small-molecule transport across lipid bilayers [§],
and numerous ligand-binding proteins deliver nutrients or signalling molecules to
their appropriate destinations. Altogether, this wide range of catalytic, structural,
signalling, transport, and regulatory functions shows how variations in amino acid
sequence, structure, post translational modifications (PTMs), and interactions allow
proteins to operate as a versatile toolkit that sustains life across different biological
scales[9] .
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Figure 1: a) List of standard amino acids and b) the central dogma of the molecular
biology

1.2 Protein Folding and the Energy Landscape Framework

As noted in the previous section, proteins are initially produced as linear polypeptide
chains through the translation of RNA. In the conventional view, however, the central
feature that confers functional diversity and specificity to proteins is the folding of
these linear chains into a unique three-dimensional structure. According to this view,
the native structure is dictated solely by the encoded amino-acid sequence of the
polypeptide chain, a principle commonly referred to as Anfinsen’s dogma[10, 11, 12].
This, however, raises a fundamental question: how do proteins reliably find their
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native structures within the average timescales of milliseconds, despite the vastness
of the available conformational space?

Numerous studies have attempted to address this question. In summary, early descrip-
tions portrayed protein folding as a linear progression through discrete intermediates
along a single dominant pathway (Fig-2A)[13]. In contrast, the modern energy-
landscape framework views folding as a stochastic search across a high-dimensional
conformational space, in which the folding dynamics are governed by the global
architecture of the free-energy surface rather than by a single predefined route
(Fig-2B)[3].

Statistical mechanical studies of random heteropolymers demonstrated that generic
sequences generate rugged landscapes with numerous low-energy misfolded states,
which produce slow, glass-like dynamics[14]. In contrast, natural proteins have evolved
to be minimally frustrated: their energetic interactions favour native contacts and
reduce the likelihood of kinetic trapping in misfolded conformations. This evolutionary
optimisation creates a funneled energy landscape, where a broad ensemble of unfolded
states progressively narrows toward a free-energy basin. Although the funnel contains
rugged features and local minima, its overall downhill bias guides multiple microscopic
trajectories toward the same native structure[15].

In this framework, folding does not require a single obligatory pathway. Instead,
proteins move through ensembles of partially structured states, and many different
routes descend toward the native conformation. This view explains why simple
kinetic patterns, such as apparent two-state folding, can emerge despite considerable
underlying complexity[16]. The transition state ensemble corresponds to a saddle
region (Fig-3) of the landscape and consists of conformations that share essential
native contacts. ®-value analysis, in which the effects of point mutations on both
thermodynamic stability and folding rates are measured, provides residue-level
information about how native-like individual regions are in the transition state.
Simulations and experimental studies show that transition states often involve
delocalised nuclei, reflecting cooperative behaviour distributed across the chain
rather than a single local folding trigger[17].

Energy-landscape theory also clarifies the origin of intermediates frequently observed
in larger or topologically complex proteins. Depending on sequence and architecture,
intermediates may support folding by stabilising partially organised regions, or they
may behave as kinetic traps if they correspond to deep local minima. The balance
between the funneled bias toward the native state and the residual ruggedness of the
landscape determines whether folding proceeds rapidly and cooperatively or more
slowly and heterogeneously[18]. Even when intermediates occur, the overall process
is governed by the global topology and directional bias of the funneled landscape
rather than by a unique linear mechanism. In this sense, the energy-landscape
framework unifies thermodynamic, kinetic, and computational observations and
describes protein folding as diffusive motion on a biased, rugged free-energy surface
shaped by evolutionary pressures[15].

12
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Figure 3: A schematic energy landscape for protein folding. This figure has been
taken from[17]

1.3 The Sequence-structure-function paradigm

The idea that a protein’s amino-acid sequence determines its three-dimensional
structure and, as a result, its biological function has been one of the central concep-
tual foundations of molecular biology. This sequence-structure—function paradigm
emerged in the mid-20th century, supported by progress in protein chemistry and
early structural studies[19]. Christian B. Anfinsen’s refolding experiments with
ribonuclease showed that a fully denatured protein can regain its native conformation
under suitable conditions, leading to the thermodynamic hypothesis that the native
structure corresponds to the global minimum of the free-energy landscape[20]. This
observation established that the information required for proper folding is encoded
in the primary sequence and inspired the long-standing view that proteins behave as
deterministic molecular machines defined by their linear amino-acid chains.

In this classical model, the amino-acid sequence specifies a network of intramolecular
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interactions, including hydrophobic packing, hydrogen bonding, electrostatic inter-
actions, and steric constraints, which collectively guide the chain toward a single
well-organised structure. Structural motifs such as a-helices, S-sheets, and conserved
domains arise from recurring patterns of local interactions, and the overall fold reflects
how these elements pack in three dimensions. Comparative studies of homologous
proteins demonstrated that evolutionary variation in sequence often preserves the
overall fold, suggesting that structural architectures are robust solutions optimised
for biological tasks[21]. This principle underpins much of modern structural biology,
where the fold is considered as the scaffold that shapes catalytic pockets, binding
sites, regulatory elements, and other dynamic features essential for function[22].
The second major component of the paradigm is the link between structure and
function. Specific three-dimensional arrangements of residues enable the precise
chemistry performed by enzymes|[23], the selectivity of ligand-binding proteins[24],
the mechanical properties of cytoskeletal systems[25], and the signalling capabilities
of receptors[26]. Even subtle structural perturbations can lead to major functional
consequences, as illustrated by pathogenic mutations that destabilise a fold or alter
an active site[27]. This structure-centred perspective has guided decades of work in
biochemistry, enzymology, and protein engineering, and it continues to offer a strong
framework for rational drug design focused on well-defined conformational states.
Despite its acceptance in the scientific community, the sequence—structure—function
paradigm provides a conceptual description that does not capture the full diversity
of protein behaviours, including protein dynamics. As shown in Section 1.2, energy-
landscape theory demonstrates that folding is not a single linear pathway but a
stochastic process occurring on a rugged, globally funneled free-energy surface. Even
proteins traditionally regarded as well folded populate ensembles of conformations
around the native basin and may sample higher-energy substates that influence
function, regulation, or misfolding. This intrinsic conformational heterogeneity
challenges the assumption that a unique sequence necessarily corresponds to a single
biologically relevant structure[28].

Several biological phenomena further highlight the limitations of the classical
paradigm. For instance, allosteric regulation often arises from shifts in conforma-
tional equilibria rather than discrete structural transitions (Fig- 4a), showing that
functional output may depend on ensemble redistribution rather than a single
conformation[29]. Moreover, Induced fit and conformational selection mechanisms
reveal that proteins interconvert among multiple states during ligand recognition
(Fig- 4b). Metamorphic proteins present an even stronger challenge by adopting
distinct, stable folds under different conditions, demonstrating that one sequence
can support more than one functional structure (Fig- 4c)[30].

Even so, the most significant challenge comes from intrinsically disordered proteins
and intrinsically disordered regions (collectively referred to hereafter as IDPs) , which
do not adopt stable three-dimensional structures under physiological conditions yet
carry out essential cellular functions[31]. Their ability to remain conformationally
heterogeneous enables interaction versatility, binding promiscuity, and rapid regu-
latory responses, features that are difficult to achieve with rigid structures. These
proteins illustrate that functional mechanisms can be encoded in dynamic ensembles
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rather than in fixed folds, exposing the limitations of the classical paradigm and
motivating a more flexible conceptual framework (Fig- 4d)[32].

Taken together, these observations support an expanded view in which sequence
still encodes the physicochemical properties that shape a protein’s behaviour, but
function may arise from an ensemble of accessible conformations instead of a single
native state. This perspective is increasingly important for understanding disordered
proteins, multistate systems, and conformationally dynamic complexes.

In this context, the sequence—structure—function paradigm remains valuable, but it
must be complemented by a broader sequence—ensemble—function framework that
captures the inherent dynamic natures of proteins.

Sequence e — Structure — Function

Challenges

Enzyme

Substrate @ € Product

a) Allostery b) Induced fit

Tense ('T') State Relaxed (R") State

Low Activity (EcATP High Activity Q
< Ry

Conformational
change

+ Inhibitors
(Ex: CTP)

c) Metamorphic Proteins d) Intrinsically Disordered Proteins

/RNA binding

Human Lymphotactin SLiM

Figure 4: Sequence structure function paradigm and its challenges.The classical
sequence-structure—function relationship is challenged by (a) allostery, (b) induced
fit, (¢) metamorphic proteins adopting multiple folds, and (d) intrinsically disordered
proteins, highlighting the role of dynamics in protein function.

16



1.4 Intrinsically Disordered Proteins and Regions (IDPs/IDRs)

Protein function was long associated with a unique, sequence-encoded three-
dimensional structure. However, beginning in the 1990s, accumulating evidence
revealed a large class of proteins that do not conform to this principle. These proteins,
now known as IDPs, do not maintain persistent tertiary structure under physiological
conditions, yet they perform essential cellular functions[32, 33, 34]|. Instead of
adopting a single stable fold, IDPs populate broad conformational ensembles and
sample multiple transient structures that interconvert on nanosecond to millisecond
timescales[35, 36]. IDPs challenge the classical sequence—structure—function paradigm
and shows that structural heterogeneity, rather than structural rigidity, can support
biological activity.

IDPs have characteristic sequence features. In contrast to well-folded proteins, which
typically contain a balanced mixture of hydrophobic, polar, and charged residues
that enable compact packing of a hydrophobic core, disordered regions are enriched
in polar and charged residues such as Lys, Glu, Ser, and Gln, and depleted in
bulky hydrophobic residues[37, 38].This composition reduces the tendency to form
compact structures and favours expanded, dynamic conformations. Many IDPs
also contain low-complexity sequences, repetitive motifs, or regions targeted by
PTMs, which allow them to function as regulatory hubs[39]. Although IDPs lack
stable tertiary structure, their ensembles are not random. They reflect sequence-
encoded preferences, local secondary-structure propensities, long-range electrostatic
interactions, and environmental factors such as salt concentration, pH, and binding
partners[40, 41].

IDPs are widespread in biology. In eukaryotes, more than 30% of proteins contain
long disordered segments, and many signalling, regulatory, and transcriptional
proteins rely on disorder for their function. Disordered regions play central roles in
processes including signal transduction, molecular recognition, cell-cycle control, gene
expression, and stress response[31, 42]. Their functional versatility arises from their
ability to bind multiple partners, adopt diverse binding modes, and undergo rapid
conformational adjustments. Instead of a rigid lock-and-key mechanism, IDPs often
operate through conformational selection or induced-fit mechanisms or a combination
of both, where binding occurs either by recognising transient substates or through
structural reorganisation triggered by partner interactions[43].

A distinctive feature of IDPs function is coupled folding and binding. Many IDPs
remain disordered when isolated but fold upon interacting with a target, forming a-
helices, S-strands, or more complex structures only in the bound state(Fig- 5b). This
strategy supports high specificity with relatively low affinity, which is advantageous
for dynamic regulatory systems that require rapid association and dissociation[44]. At
the molecular level, folding upon binding can proceed through different mechanisms,
including induced folding and conformational selection. Detailed insight into these
processes has been obtained from atomistic studies of viral IDPs, such as the
a-helical molecular recognition element (a-MoRE) of the intrinsically disordered
C-terminal domain of the measles virus nucleoprotein (NTAIL) binding to the X
domain of the viral phosphoprotein[44]. Unbiased molecular dynamics simulations
capturing numerous binding and unbinding events revealed that complex formation
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predominantly occurs through induced-folding pathways, in which intermolecular
contacts are established before or concomitantly with secondary structure formation.
The transition state ensemble is highly heterogeneous and characterised by only a
small number of key intermolecular contacts, rather than by preformed secondary
structure. Notably, conformations with extensive helical content early in the binding
process were more likely to dissociate, whereas more disordered conformations
exhibited a kinetic advantage in progressing toward the native complex. These
observations illustrate how structural disorder can facilitate efficient target recognition
and complex formation.

In many cases, however, binding does not result in complete ordering of the disordered
region. Instead, IDPs often form fuzzy complexes (Fig- 5a), in which significant
conformational flexibility is retained in the bound state. A well-characterised example
is provided by transcriptional regulators such as the kinase-inducible domain of CREB
interacting with the KIX domain of CBP, where multiple binding modes coexist and
parts of the disordered chain remain dynamic while engaging the partner. As discussed
in the referenced work, fuzziness allows dynamic redistribution of contacts, enabling
tunable affinity, multivalency, and sensitivity to PTMs or competing interactions.
Such partially ordered complexes highlight that functional binding does not require
full structural stabilisation and that residual disorder can be an integral component
of molecular recognition and regulation[45, 46].

IDPs also contribute to the formation of biomolecular condensates through liquid—
liquid phase separation (LLPS) (Fig- 5¢). Their low-complexity and multivalent
interaction motifs enable them to form dynamic assemblies such as stress granules,
nucleoli, and transcriptional hubs. In these contexts, disorder provides the flexibility
and multivalency required for reversible assembly and disassembly, allowing cells to
compartmentalize biochemical reactions without membrane-bound organelles[47, 48].
Although IDPs play many beneficial roles, dysregulation of IDPs is associated with
numerous diseases. Misfolding, aberrant aggregation, or pathological phase transitions
of disordered proteins contribute to neurodegenerative diseases such as Alzheimer’s
disease, Parkinson’s disease, and amyotrophic lateral sclerosis[49](Fig- 5d). Mutations
within IDRs often disrupt interaction networks or PTM patterns, leading to cancer,
congenital disorders, or impaired regulation. These observations have stimulated
major interest in understanding the structural and energetic principles governing
IDPs and in designing therapeutic strategies that target disordered regions[50].
From a biophysical perspective, IDPs occupy a distinct protein energy landscape.
Instead of a deep, narrow basin corresponding to a unique native structure, their
landscapes are shallow and rugged, with many nearly isoenergetic conformations[51].
The absence of a dominant structural minimum allows IDPs to explore a broad
conformational space, which is essential for their functional roles. This view aligns
with the energy-landscape framework introduced in Section 1.2 and highlights a
continuum between ordered and disordered proteins. Both are governed by landscapes
shaped by sequence-encoded energetic biases, but IDPs exist in regions where entropy
and frustration prevent collapse into a single fold[52].

The recognition of IDPs and IDRs has transformed our understanding of protein
science. Disorder is now viewed not as a failure to form structure, but as an
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evolutionarily selected property that expands the functional repertoire of the proteome.
IDPs exemplify the shift from the classical sequence—structure—function paradigm
toward a broader sequence—ensemble—function paradigm, where dynamic structural
heterogeneity is essential for biological activity.

In the following section, this ensemble-based perspective will be developed further with
a discussion of conformational ensembles and the experimental and computational
approaches used to characterise the structural heterogeneity of disordered proteins.

a) Fuzzy binding

Teo-0 @9

b) Folding upon binding

<y

c) Biomolecular condensates

Figure 5: Key functional and pathological behaviours of intrinsically disordered
proteins, including fuzzy binding, folding upon binding, biomolecular condensates,
and disease-associated aggregation.

1.5 Toward a Sequence-Ensemble-function Paradigm

As protein science has progressed, it has become clear that many proteins cannot
be described adequately by a single static conformation. Instead, their biological
properties arise from the ensemble of conformations they populate under physiological
conditions. This understanding has led to an expanded conceptual framework in
which an amino-acid sequence encodes not one preferred structure but a distribution
of states, and the relative populations of these states mediate function. The sequence—
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ensemble—function paradigm offers a unified way to describe both ordered and
disordered proteins by focusing on how sequence shapes conformational landscapes
and how these landscapes give rise to biological activity[10, 53].

A central principle of this paradigm is that protein sequences define energy landscapes,
which determine the accessibility, stability, and dynamics of conformational states.
For well-folded proteins, evolutionary pressures create landscapes that funnel toward
a narrow native basin. In contrast, disordered or partially disordered sequences
produce shallow or broad landscapes that allow many conformations to remain
populated at equilibrium. These ensembles represent the thermodynamic ground
state for such proteins, with sequence composition, charge distribution, and residue
patterning playing key roles in determining ensemble dimensions and properties[41,
54].

Within this ensemble-based view, function is understood as an outcome of popula-
tion distributions and their modulation. Changes in sequence, such as charged or
hydrophobic substitutions, altered patterning, or PTMs, can shift ensemble proper-
ties including compaction, flexibility, and long-range interactions. Such shifts can
strongly influence binding affinity, recognition specificity, regulatory responses, or
phase behaviour, even when no stable tertiary structure is present. Therefore, the
functional effects of sequence variation are often better interpreted as changes in
ensemble populations rather than alterations to discrete structural motifs[53].

The ensemble perspective also clarifies why proteins across the structural spectrum
display diverse behaviours. Ordered proteins rely on fluctuations around the native
basin, multi-domain and partially disordered proteins depend on interdomain motions
and structural plasticity, and highly disordered proteins operate through broad,
dynamic ensembles. The distinction among these cases lies not in the presence or
absence of structure but in the scope and organisation of the ensemble and how it
responds to cellular conditions.

The development of this paradigm has been supported by advances in methods that
directly probe conformational heterogeneity. Experimental techniques such as nuclear
magnetic resonance (NMR)[55, 56], single-molecule fluorescence resonance energy
transfer (smFRET)[57], small-angle X-ray scattering (SAXS)[58], and mass spec-
trometry[59] provide observables that reflect distributions of states. Computational
approaches, including molecular dynamics simulations (MD)[60] and integrative
ensemble refinement|[61], enable the construction of conformational ensembles that
are consistent with sequence features and experimental data. These approaches
shift the focus of structural characterisation from identifying a single representative
conformation to mapping the ensemble that defines protein behaviour[62].

The sequence—ensemble—function paradigm also provides a coherent foundation for
understanding emergent cellular phenomena such as multivalent interactions and
biomolecular condensate formation. In these systems, ensemble properties, including
flexibility and transient secondary structure, govern assembly and regulation more
directly than any single structural form.

In summary, the sequence—ensemble—function paradigm recognises that protein
sequences encode conformational landscapes and that biological function arises from
the properties of these ensembles. This framework integrates ordered, flexible, and
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fully disordered proteins and emphasises the essential role of structural dynamics in
shaping molecular function (Fig- 6).
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Figure 6: Overview of the shift from a sequence—structure—function view of proteins to
a sequence—ensemble—function framework, illustrating how both folded and disordered
conformational states give rise to diverse biological functions

1.6 Conformational Ensemble Properties and Sequence Determinants
of IDPs

Because IDPs exist as dynamic ensembles (Fig- 7a) rather than single well-defined
structures, their structural description necessarily differs from the classical view of
a unique three-dimensional conformation. Instead, IDPs are characterized through
ensemble properties, which quantify statistical features of the full set of conformations
populated under given conditions (Fig- 7b-e). These properties provide a physically
meaningful way to describe the size, shape, heterogeneity, and internal organization
of disordered ensembles, and they can be measured experimentally, computed from
simulations, or predicted from sequence[31, 63, 64].

Commonly used global ensemble descriptors include the radius of gyration and the
end-to-end distance, which quantify the overall dimensions and degree of compaction
of a disordered chain. The radius of gyration reports on how mass is distributed
around the center of mass of the ensemble and is particularly useful for distinguishing
between compact, semi-compact, and expanded ensembles. In contrast, the end-to-
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end distance measures the separation between the N- and C-termini and is more
sensitive to chain extension and large-scale fluctuations, making it informative for
describing linker-like or spacer functions of IDPs. While these two metrics are often
correlated, they capture complementary aspects of global ensemble dynamics[65,
66](Fig- 7b).

Shape-related metrics, such as asphericity, provide additional insight into the
anisotropy of the ensemble. Asphericity distinguishes between roughly spherical,
globular-like ensembles and more elongated or rod-like conformations, thereby report-
ing on whether conformations are isotropically compact or preferentially extended
along one dimension. This property is particularly relevant for understanding how
IDPs explore space and how they may sterically influence the relative positioning of
interaction partners in multi-domain proteins or complexes[67](Fig- 7b).

Local ensemble descriptors capture sequence-dependent structural propensities within
disordered regions. Transient secondary structure content, typically quantified as
residue-resolved propensities for a-helices, 8-strands, or turns, reflects local energetic
biases encoded in the amino-acid sequence. Although these secondary structure
elements are short-lived and sparsely populated, they can play important roles in
molecular recognition, folding upon binding, and the formation of molecular recogni-
tion elements. Such local order often correlates with functional sites and interaction
motifs embedded within IDPs[68, 69].

Inter-residue distance distributions provide a more detailed view of spatial organiza-
tion within the ensemble by reporting on the probability of contacts or proximity
between specific residue pairs. These distributions capture long-range interactions
that are not apparent from global metrics alone and can reveal transient intramolec-
ular contacts, sequence-encoded compaction, or preferences for specific topologies.
Importantly, distance distributions retain information about heterogeneity and mul-
timodality, allowing discrimination between ensembles that share similar average
dimensions but differ in internal organization[70](Fig -7b).

A central insight from the last decade of IDP research is that these ensemble properties
are not arbitrary but are strongly encoded by amino-acid sequence features(Fig- 7e).
In particular, the amino-acid composition of IDPs differs systematically from that
of folded proteins, being depleted in bulky hydrophobic residues and enriched in
polar and charged residues. Building on this observation, a polymer-physics-based
framework has been developed to relate sequence composition to conformational
preferences through composition-to-conformation relationships (CCRs). In this view,
IDP sequences can be classified into broad compositional categories, such as polar
tracts, polyampholytes, and polyelectrolytes, that map onto distinct conformational
states, ranging from compact globule-like ensembles to expanded coil-like states|[71].
Quantitative parameters derived from sequence composition play a key role in this
mapping. The fraction of charged residues (FCR) and the net charge per residue
(NCPR) determine the balance between intra-chain electrostatic interactions and
solvent-mediated effects, thereby influencing whether an ensemble is compact or
expanded. Sequences with low FCR and low NCPR tend to favor more compact
ensembles, whereas sequences with high absolute NCPR or high FCR typically popu-
late expanded conformations due to electrostatic repulsion and favorable solvation
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of charged side chains. Importantly, many IDPs occupy intermediate regimes in
which attractions and repulsions are balanced, resulting in maximal conformational
heterogeneity and ensembles that include mixtures of compact, semi-compact, and
extended conformations[40, 41, 72].

Beyond overall composition, the linear patterning (Fig- 7d) of residues along the
sequence has emerged as a crucial determinant of ensemble properties. For polyam-
pholytic IDPs, the degree of mixing versus segregation of oppositely charged residues
strongly influences conformational behavior. This effect can be quantified by pa-
rameters that describe charge patterning, which modulate the effective strength
of intra-chain electrostatic attractions. Well-mixed charge distributions tend to
favor expanded, coil-like ensembles, whereas segregated charge patterns promote
compaction and, in some cases, the formation of locally collapsed domains(Fig- 7c).
Thus, two sequences with identical amino-acid composition but different charge
patterning can populate markedly different conformational ensembles, highlighting
that sequence order, not only composition, is functionally relevant[41, 73].

These sequence—ensemble relationships provide a physical basis for understanding
how IDPs achieve functional specificity without adopting stable tertiary structures.
Many biological functions of IDPs depend sensitively on ensemble dimensions, flexi-
bility, and heterogeneity rather than on precise atomic arrangements. For example,
expanded ensembles can act as entropic spacers or flexible linkers, whereas more
compact or chimeric ensembles can modulate interaction probabilities, regulate
accessibility of short linear motifs, or facilitate context-dependent folding upon bind-
ing. Small sequence perturbations, such as point mutations, alternative splicing, or
post-translational modifications, can shift ensemble properties by altering charge
balance or patterning, thereby tuning function without requiring large structural
rearrangements[31, 54].

Taken together, this ensemble-centric description establishes that IDP behavior is
governed by a hierarchy of sequence-encoded features that shape conformational
landscapes and ensemble properties. This perspective directly complements the
sequence—ensemble—function paradigm introduced earlier and provides the concep-
tual foundation for both experimental ensemble determination and computational
ensemble modeling.
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Figure 7: a) IDRs exist as highly heterogeneous conformational ensembles rather
than single structures, in contrast to folded domains, and their ensemble nature
depends on molecular context. b—c), IDR ensembles are quantitatively described
using ensemble properties (for example, radius of gyration, shape, and inter-residue
distances), which are best represented as probability distributions. d—g), Sequence
features and residue patterning encode IDR ensemble behavior, which in turn tunes
functional outcomes such as interdomain communication and effective concentrations
of folded domains. This figure has been taken from[31]

1.7 Databases Supporting IDP Research

The rapid growth of IDP research has been accompanied by the development of
specialised databases that collect, curate, and integrate information on the sequence,
structure, function, and biophysical properties of disordered regions. These resources
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are essential for large-scale analyses, benchmarking computational methods, and
formulating new hypotheses. They also complement more general repositories such
as UniProt, the Protein Data Bank (PDB), and the Biological Magnetic Resonance
Bank (BMRB). Broadly, IDP-related databases(Table- 2) can be categorised into
three groups: sequence- and annotation-centric resources, structural and ensemble
databases, and functional or context-specific resources.

DisProt is the primary manually curated database dedicated to IDPs(Fig- 8). It
provides experimentally supported annotations of disorder, order—disorder transitions,
and functional roles of IDRs, using a controlled ontology that links each annotation
to specific experimental evidence[74]. DisProt connects disordered segments to
the underlying techniques used to identify them (such as NMR, SAXS, or missing
electron density in X-ray structures) and to the corresponding literature, making it
a gold-standard reference for training and evaluating disorder prediction algorithms.
Recent updates have expanded the coverage and functional depth of the database,
with improved evidence codes and curation strategies that enhance annotation

interpretability.
R UniProtID  JniP w % Boundaries of IDR/IDP
Ns% niProt e MSDNGPQNQRNAPRITFGGPSD
=T | Papers || ——> oe® > STGSNQNGERSGARSKQRRPQGL
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PubMed ID
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e ~
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Experimental Methods ~ Protein structure  Sequence construct .,y sosition &

interactions

) y, ). )

Enriching the entry with experimental details

Figure 8: Deposition process and information content in DisProt. This figure has
been taken from[74]

In parallel, MobiDB|75] provides a more integrative view of disorder and mobility
across entire proteomes(Fig- 9). It aggregates information from curated sources such
as DisProt and IDEALI76], indirect experimental evidence (e.g. missing residues in
PDB structures), and multiple computational predictors into a consensus per-residue
annotation. MobiDB thus serves as a general-purpose resource for researchers who
need disorder annotations for any UniProt sequence, providing both high-confidence
curated regions and large-scale predictive coverage. Its consensus scheme, including
an explicit “ambiguous” state when sources disagree, is particularly useful for mapping
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the “disorder landscape” of proteins and for exploring relationships between disorder,
mobility, and function[75].
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Figure 9: Information content in MobiDB. This figure has been taken from|[75]

IDEAL (Intrinsically Disordered proteins with Extensive Annotations and Litera-
ture) is another important curated resource focused on experimentally characterized
IDPs]76].

Beyond simply labeling regions as ordered or disordered, IDEAL annotates
interaction sites, post-translational modification sites, regions undergoing disorder-
to-order transitions (Protean segments), structural domain assignments, and
interaction networks involving disordered segments. This detailed functional and
interaction information makes IDEAL particularly valuable for case studies and
for understanding how specific disordered segments participate in regulatory and
signaling pathways. A broader overview of such IDP-focused databases and their
complementary roles is provided in recent reviews[77].

Whereas DisProt, MobiDB and IDEAL primarily provide sequence-level an-
notations, the Protein Ensemble Database (PED) addresses the need for storing and
disseminating structural ensembles of IDPs and other flexible systems. PED is the
major repository for conformational ensembles that have been derived by combining
experimental data (e.g. NMR, SAXS, FRET) with computational modeling.
Moreover, a recently added dataset of purely predicted conformational ensembles
for the human proteome, enriched in disordered regions, has been deposited in
PED[78]. It should be noted that these predicted ensembles are not associated with
experimental data, and mechanistic interpretations based on them should therefore
be made with caution.

Each PED entry includes the ensemble coordinates, when provided ,weight
assigned to each conformation, the associated experimental restraints, and rich
metadata describing the system and modeling protocol. PED thus complements the
Protein Data Bank[79], which primarily stores single conformers, by providing an
infrastructure suited to the representation of conformational ensembles[80].
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Beyond structural representation, understanding the functional roles of IDPs also
requires resources that capture sequence-encoded interaction motifs and regulatory
elements. IDPs often function through short linear motifs (SLiMs) embedded in dis-
ordered regions, which mediate transient and regulated interactions. The Eukaryotic
Linear Motif (ELM) resource[81] collects manually curated, experimentally validated
SLiMs and provides powerful tools to explore motif instances and their sequence
context. ELM annotations, together with disorder information from MobiDB or
DisProt, enable systematic mapping of functional sites[82] within IDRs and are widely
used to study modular signaling proteins, viral hijacking of host machinery[83], and
regulatory networks.

A number of additional resources capture specialized aspects of IDP behavior.
Databases such as FuzDB collect examples of “fuzzy” complexes in which disor-
dered regions remain partially disordered upon binding, emphasizing that functional
complexes can be structurally heterogeneous[84]. Given the prominent role of IDRs in
biomolecular condensates, several curated resources have been developed for proteins
undergoing liquid-liquid phase separation (LLPS), including PhaSePro for LLPS
drivers, PhaSepDB for phase-separation-associated proteins, and LLPSDB/LLPSDB
v2.0 and DrLLPS for experimentally characterized LLPS systems across organisms.
Although these databases are not limited to IDPs, many of their entries contain
extensive IDRs, and they provide crucial contextual information on how disorder,
multivalency and sequence features contribute to condensate formation|[85, 86, 87].

Together, these databases form a rich ecosystem that supports IDP research from
multiple angles: DisProt, IDEAL and MobiDB provide high-quality disorder an-
notations; PED captures conformational ensembles; ELM and related resources
highlight functional motifs and interaction modules; and LLPS-focused databases
reveal how disordered sequences participate in higher-order assemblies. Leveraging
these complementary resources is essential for building realistic sequence—ensemble—
function models and for designing future computational and experimental studies on
intrinsically disordered proteins and regions.
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Table 2: Summary of major databases supporting IDP research, including curated disorder annotations,

structural ensembles, functional motifs, and resources related to phase separation.

Database

Type

Content & Key Fea-
tures

Typical Use Cases

DisProt

MobiDB

IDEAL

PED (Protein
Ensemble
Database)

ELM (Eukary-
otic
Motif
source)

Linear
Re-

FuzDB

PhaSePro

PhaSepDB

LLPSDB
LLPSDB v2

Manually curated
disorder annotations

Integrative disorder
database

Curated IDP/IDR
functional annotation

Structural ensemble
repository

Functional motif
database

Fuzzy complex
database

Curated LLPS

database

Broad LLPS resource

Experimental LLPS
dataset

Experimentally validated
IDRs; evidence codes; dis-
order functions; curated lit-
erature links

Consensus disorder from cu-
rated sources, PDB missing
residues, and multiple pre-
dictors; per-residue annota-
tions

Verified IDRs, protean seg-
ments (disorder—order tran-
sitions), interaction regions,
PTMs

Experimentally validated
conformational ensembles
from NMR, SAXS, sm-
FRET, integrative model-
ing; full coordinate sets
Experimentally  verified
short linear motifs (SLiMs)
in IDRs;
(modification, docking,
degradation, cleavage)
Cases where proteins re-

motif classes

tain disorder upon binding;
structural heterogeneity in
complexes

Experimentally validated
phase separation drivers;

disorder-rich proteins;
molecular conditions of
LLPS

Proteins associated with
phase-separated assemblies;
curated and computational
evidence

In-vitro LLPS experiments
with sequences, conditions,
mutations, and droplet be-
havior

Gold-standard dataset for
benchmarking predictors;
studying functional roles of

disorder

Large-scale analyses;
proteome-wide  disorder
annotation; generating

consensus disorder profiles

Case studies of IDP mech-
anisms; functional anno-
tation of regulatory disor-
dered segments

Structural modeling of
IDPs;

ensemble inference meth-

training /testing

ods; comparing modeling
protocols

Identifying regulatory mo-
tifs in IDRs; mapping inter-
action sites; studying sig-
naling networks

Studying fuzzy binding and
dynamic complexes; charac-
terizing partial ordering in
IDPs

Studying sequence determi-
nants of phase separation;
identifying LLPS drivers

Exploring relationships be-
tween disorder, multiva-

lency, and condensates

Mechanistic LLPS studies;
training ML models for
phase separation
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2— Research objectives

The work described in this thesis is unified by the general goal of advancing the
understanding and practical characterisation of protein conformational ensembles,
with a particular focus on IDPs and conformationally dynamic systems (fig-6).
Motivated by the shift from static structure-based descriptions toward ensemble-
based representations of protein behaviour, this thesis aims to address key conceptual,
methodological, and infrastructural challenges that currently limit the widespread
and reproducible use of conformational ensembles.

To achieve this goal, the thesis combines infrastructure development, methodological
standardisation, and computational tool design. First, dedicated computational
infrastructure is developed and extended to support the storage, processing, and
dissemination of conformational ensembles at scale. Second, principled workflows are
defined for the determination of conformational ensembles by integrating experimental
data and computational modelling in a transparent and reproducible manner. Third,
computational tools are developed to analyse and compare ensembles quantitatively,
enabling extraction of biologically meaningful information from heterogeneous and
dynamic structural data.

In order to organise the content of this thesis coherently, the work is divided into
three connected chapters, each addressing a specific aspect of ensemble-based protein
science. The objectives of these chapters are summarised below.

2.1 — Infrastructure for Ensemble-Based Protein Structure Repre-
sentation

This chapter focuses on the development and consolidation of computational and data
infrastructure required to support ensemble-based descriptions of protein structure.
The aim is to address the limitations of traditional structure repositories and work-
flow systems when applied to intrinsically disordered and conformationally flexible
proteins.

The specific objectives of this chapter are:

a) To contribute to the development and maintenance of the Protein
Ensemble Database (PED) as a dedicated repository for experimentally
supported conformational ensembles, including the definition of data
models, deposition workflows, and metadata standards.

b) To develop and deploy DRMA Atic, a workflow and job-management
framework that enables reproducible, scalable execution of ensemble
generation and validation pipelines across heterogeneous computing
environments.

c) To design and implement backend workflows for bulk deposition of
conformational ensembles, enabling large-scale ensemble integration
into PED, including proteome-wide ensemble datasets such as those
generated in the AlphaFlex project.

d) To evaluate infrastructure scalability and robustness by applying these
tools to large ensemble collections, thereby identifying practical con-
straints and best practices for ensemble-centric data management.
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2.2 — Standardised Workflows for the Determination of Conforma-
tional Ensembles

This chapter addresses the methodological challenges associated with determining pro-
tein conformational ensembles from experimental data and computational sampling.
The aim is to define clear, reproducible workflows that support ensemble genera-
tion while explicitly accounting for uncertainty, heterogeneity, and methodological
assumptions.

The specific objectives of this chapter are:

a) To formalise ensemble determination as a multi-step workflow, in-
cluding experimental methods, computational generation techniques,
comparison methods and validation process.

b) To analyse and compare existing ensemble determination strategies,
such as Bayesian inference, maximum entropy and maximum parsi-
mony refinement, and reweighting approaches, highlighting their shared
principles and methodological differences.

c) To propose best practices for ensemble validation and robustness as-
sessment, including cross-validation, sensitivity analysis, and the use of
independent experimental observables.

d) To align ensemble determination workflows with existing infrastruc-
ture, ensuring compatibility with ensemble repositories and enabling
automated and reproducible ensemble deposition.

e) Suggesting a benchmarking pipeline to quantitatively validate confor-
mational ensembles of disordered proteins.

f) Review the state-of-art methods in both experimental approaches
and computational techniques in order to determine conformational
ensembles.

2.3 — Computational Tools for the Analysis of Conformational En-
sembles

This chapter focuses on my work on the development of a computational tool for
the quantitative analysis of conformational ensembles. The objective is to move
beyond single-structure metrics and provide ensemble-aware descriptors that capture
heterogeneity and population distributions.

The specific objectives of this chapter are:

a) To develop a computational method for describing ensemble-level
properties, including global dimensions, contact patterns, secondary-
structure propensities, and measures of conformational diversity.

b) To design analysis tools that are robust to ensemble heterogeneity,
enabling comparison between ensembles generated using different sam-
pling strategies or experimental restraints.

c) To integrate ensemble analysis tools into standardised workflows and in-
frastructure, facilitating large-scale and automated analysis of deposited
ensembles.

d) To demonstrate the applicability of ensemble analysis methods to intrin-
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sically disordered proteins, flexible linkers, and other conformationally
dynamic systems, highlighting their relevance within the sequence—
ensemble—function paradigm.
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Figure 10: Overview of the paper-collection structure of this thesis, showing the
three interconnected chapters and their objectives, which are addressed through
published and submitted works on infrastructure development, standardised workflows
for conformational ensemble determination, and computational tools for ensemble
analysis within the sequence—ensemble—function framework.

Chapter 1: Infrastructure for Ensemble-Based Protein
Structure Representation

This chapter contains two articles, one published in Nucleic Acid Research (NAR),
one in Bioinformatics Advances.
1. PED in 2024: improving the community deposition of structural
ensembles for intrinsically disordered proteins. Ghafouri H,
Lazar T, Del Conte A, Tenorio Ku LG, Tompa P, Tosatto SC,
Monzon AM. Nucleic acids research. 2024 Jan 5;52(D1):D536-44.
(https://doi.org/10.1093 /nar/gkad947)
2. DRMA Atic: dramatically improve your cluster potential. Del Conte
A, Ghafouri H, Clementel D, Miceti¢ I, Piovesan D, Tosatto
SC, Monzon AM.Bioinformatics Advances. 2025;5(1):vbafl12.
(https://doi.org/10.1093 /bioadv/vbafl12)(The appendix associated
with this paper is provided in Appendix A at the end of the thesis.)
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Abstract

The Protein Ensemble Database (PED) (URL: https://proteinensemble.org) is the primary resource for depositing structural ensembles of in-
trinsically disordered proteins. This updated version of PED reflects advancements in the field, denoting a continual expansion with a total of
461 entries and 538 ensembles, including those generated without explicit experimental data through novel machine learning (ML) techniques.
With this significant increment in the number of ensembles, a few yet-unprecedented new entries entered the database, including those also
determined or refined by electron paramagnetic resonance or circular dichroism data. In addition, PED was enriched with several new features,
including a novel deposition service, improved user interface, new database cross-referencing options and integration with the 3D-Beacons
network—all representing efforts to improve the FAIRness of the database. Foreseeably, PED will keep growing in size and expanding with
new types of ensembles generated by accurate and fast Ml-based generative models and coarse-grained simulations. Therefore, among future
efforts, priority will be given to further develop the database to be compatible with ensembles modeled at a coarse-grained level.
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Introduction

Intrinsically disordered proteins or regions (IDPs/IDRs) lack a
specific, stable structure and instead exist as rapidly intercon-
verting conformers. This arises from their relatively uniform
free-energy landscape, resulting in their highly dynamic and
heterogeneous nature (1). IDPs/IDRs play significant roles
in various essential functions such as cell signaling, regula-
tion and recognition. Furthermore, their involvement in nu-
merous human diseases renders them highly attractive tar-
gets for therapeutic drug discovery (2). While binding modes
of some IDPs/IDRs that fold upon interaction offer valu-
able structural insights (3), gaining a thorough comprehension
of the complex mechanisms governing the function of IDPs
also requires knowledge of their structural dynamics in the
unbound state, and many IDPs/IDRs form fuzzy complexes
(3). Given their extreme conformational dynamics, modeling
IDPs/IDRs in terms of ensembles is the only valid strategy for
structurally studying IDP function. By definition, a conforma-
tional ensemble consists of multiple structures, each with their
statistical weights representing their relative populations and
transition rates that quantify their dynamics (4). Despite the
steady expansion of experimentally determined protein struc-
tures in the Protein Data Bank (5) and the recent AlphaFold
Protein Structure Database (6), which contains accurate struc-
tural models of millions of proteins, the information they offer
about the dynamic nature of proteins remains limited, espe-
cially in the context of ensemble representation of IDPs. In
2014, the Protein Ensemble Database (PED) (7) was estab-
lished to bridge this gap, and over time, it has consistently
evolved, enhancing the quantity and quality of deposited en-
sembles.

Generally, conformational ensembles are determined by in-
tegrating experimental and computational methods. This in-
volves a diverse range of experimental techniques, including
nuclear magnetic resonance (NMR) spectroscopy, small angle
X-ray scattering (SAXS), single-molecule Forster resonance
energy transfer (smFRET), electron paramagnetic resonance
(EPR) and circular dichroism (CD) (4,8). These experimen-
tal measurements serve as global and/or local constraints, en-
abling the resampling and reweighting of a pool of conformers
generated through statistical conformer generators or molec-
ular dynamics (MD)/Monte Carlo (MC) simulations. More-
over, the advent of AlphaFold2 (9), RoseTTAFold (10) and
the advancements in machine learning approaches have fos-
tered the development of various pipelines aimed at effectively
modeling multiple conformational states or predicting con-
formational ensembles (11-13). Nevertheless, despite recent
progress in the field, modeling conformational ensembles, es-
pecially for IDRs/IDPs, remains challenging. On the computa-
tional front, a significant obstacle arises from the lack of a pre-
cise energy function to guide MD or MC simulations (14,15),
coupled with limited computational resources for thorough
sampling of the conformational space (16). On the other hand,
from an experimental standpoint, a major challenge is accu-
rately quantifying all sources of errors and uncertainties in
both the experimental data and the predictors (forward mod-
els). Additionally, the observable data are averaged over all
members of the ensemble, leading to a reduction in informa-
tion content. Because of these limitations, resolving structural
ensembles has persisted as an ‘underdetermined’ challenge.
This viewpoint arises from the fact that the number of de-
grees of freedom in the ensembles significantly surpasses the
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available experimental restraints, leading to multiple poten-
tial solutions for the problem without a distinct ‘best’ option.
In such a context, having comprehensive and manually cu-
rated IDP-related databases, e.g. PED (17), DisProt (18), Mo-
biDB (19), FuzDB (3) and IDEAL (20), can serve multiple pur-
poses. First and foremost, they can serve as a foundational
reference and a valuable resource for establishing a validation
pipeline to assess the reliability of IDP conformational ensem-
bles. Furthermore, they function as extensive training datasets
for upcoming machine learning (ML) models (21). Since the
latest PED publication in 2021 (17), a strong emphasis has
been given by the scientific community to predict IDP con-
formational ensembles from sequence by combining ML ap-
proaches and MD simulations (22,23), as well as to compare
conformational ensembles of flexible proteins (24,25). In this
article, we present the new version of the PED (Protein En-
semble Database, https://proteinensemble.org), aimed at ad-
dressing the evolving challenges and advancements in the field
of IDPs/IDRs. Our primary goal has consistently been to en-
hance the size of our database. In this updated release of PED,
we have now accumulated a total of 461 entries and 538 en-
sembles. This time, we also included IDP ensembles generated
without experimental data by novel ML and sampling meth-
ods from sequences. A new restyled website with an improved
user interface and novel features is presented, as well as a ded-
icated web-server for the ensemble’s deposition and curation.

Progress and new features

Database growth

PED aims to be the gold-standard primary deposition
database for conformational ensembles of non-globular pro-
teins (NGPs) or regions. Therefore, the main goal of PED is to
provide an ever-growing platform of structural ensemble en-
tries with a user-friendly deposition pipeline while maintain-
ing high standards for data quality and the FAIR data prin-
ciples. PED is cross-linked with the main resources to deposit
ensembles’ primary experimental data, including BRMB (26),
SASBDB (27) and PCDDB (28).

In this new release, the number of PED entries has increased
almost three times compared to the version presented in the
last publication (461 versus 162) (17). The source of this data
increment comes from depositions from data owners (42 en-
tries in this release), ensembles generated without experimen-
tal data (61 entries in this release) and ensemble identification
by the PED biocurator team from databases and publications.
As detailed below, a larger number of NMR ensemble entries
were identified by an automated computational pipeline ap-
plied to BMRB (1409 protein structures), which were then
subsequently revised, filtered and published by the biocura-
tors (totalling 189 entries).

New entries

Novel ensembles

As in previous releases, new PED ensembles were predom-
inantly modeled using SAXS, NMR spectroscopy, FRET
data and their combinations (Figure 1A). NMR data in-
cluded chemical shifts (CSs), nuclear Overhauser effects
(NOEs), J-couplings, residual dipolar couplings (RDCs), re-
laxation data and paramagnetic relaxation enhancements
(PREs) (29). On top of these, for a few new entries, meth-
ods such as electron paramagnetic resonance (EPR) spec-
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Figure 1. Experimental techniques and ensemble generation methods. (A) Matrix layout quantifies the combinations of experimental techniques for
PED entries, sorted by size. Filled circles in the matrix indicate which experimental measurement is part of the intersection. (B) Distribution of ensemble
generation methods and auxiliary software applied in PED. The X axis represents the number of PED entries.

troscopy techniques (e.g. double electron—electron resonance
(DEER)) and CD were also used to characterize the protein en-
sembles (30,31); often in combination with other techniques.
These combinations included EPR + NMR, EPR + SAXS,
EPR + NMR + SAXS, CD + NMR (30-32). NMR data have
already been cross-referenced from BMRB (26) and SAXS
data from SASBDB (27), but now CD data can also be cross-
referenced from PCDDB (28), which will enable PED deposi-
tors during submission to reference their CD data already de-
posited in its primary resource.

Besides these experimental datasets, several PED deposi-
tions also used computationally expensive MD simulations to
perform integrative structural modeling by reweighting the en-
sembles. These MD simulations comprised among others tra-
jectories generated by a CHARMM force field and the EEF1
implicit solvent model in a replica-exchange MD setup (33), or
AMBERO3w force field with TIP4P/2005s water model (34),
or replica-exchange Discrete MD (DMD) using the MEDUSA
force field in implicit water (35), or coarse-grained Langevin
MD in multiple replicas (36), or AMBER99SB-disp force field
with it own water model using replica exchange with solute
tempering (37). Furthermore, the repertoire of ensemble gen-
eration methods and auxiliary software is continuously ex-
panding to encompass state-of-the-art techniques in the field
(Figure 1B).
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It is often emphasized that IDPs have a high-degree of con-
formational heterogeneity, which is harder to capture by a sin-
gle technique. Therefore the integration of simulations and
various experiments can better characterize the highly dy-
namic nature of IDPs (38). Now, there is an increasing number
of IDP ensembles in PED determined by different combina-
tions of techniques under the same or slightly different condi-
tions, e.g. hnRNPAT1, alpha-synuclein, Tau. We envisage that
these ensemble data will reveal not only how sensitive IDPs are
to environmental conditions but also the strengths and weak-
nesses of methods in capturing certain structural aspects.

NMR structural ensembles
A significant upgrade in the new PED version involves the in-
clusion of a large number of NMR structural ensembles com-
prising IDRs sourced from the PDB. These NMR ensembles
represent collections of different conformations (models) that
individually satisfy the experimentally derived constraints (8).
To achieve this, we systematically searched the MobiDB
(19) to identify NMR ensembles containing IDRs/IDPs. As
a starting point, we identified a subset of 2064 proteins con-
taining large RMSD regions defined as ‘mobile’ in MobiDB.
Mobile regions are calculated for all NMR ensembles using
the Mobi software (39); it is an analogous definition to the
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presence of missing residues in X-ray structures. This feature
represents highly flexible regions based on structural superpo-
sition that change their local conformation in the NMR en-
sembles.

To further refine our dataset, we also consider the disor-
der content percentage of the proteins based on two criteria:
AlphaFold-disorder (40) and MobiDB-lite predictions (41).
Initially, we focused on proteins for which both predictors in-
dicated a disorder content percentage exceeding 50%. In the
subsequent phase, we expanded our inclusion criteria to cover
proteins where at least one of these two predictors indicated
a disorder content percentage above 50%. During this stage,
we also verified the availability of experimental NMR data for
each protein in the BMRB database (26).

We then established three key criteria to determine the el-
igibility of NMR ensembles for inclusion in PED: (i) pub-
lication availability: we confirmed the existence of a corre-
sponding publication; (ii) consistency in disorder prediction:
we ensured that a minimum of ten consecutive residues within
the mobile region were classified as disordered by AlphaFold-
disorder and/or MobiDB-lite, the cutoff representing the min-
imum length of IDRs in DisProt; (iii) sufficient conformational
coverage: the NMR ensemble had to consist of at least ten dis-
tinct structures.

Ensembles without explicit experimental data

Given the recent advancements in ML algorithms for mod-
eling protein structural dynamics (42) and in new meth-
ods for sampling IDP conformational ensembles (43,44), we
expanded PED and its controlled vocabulary (CV) (https:
/Iproteinensemble.org/about) to accommodate ensembles cal-
culated without incorporating specific experimental data con-
straints.

The idpGAN generative model (22) was trained on coarse-
grained molecular dynamics (MD) simulations (45) of IDRs
from the DisProt database. It is capable of rapidly generating
ensembles for arbitrary IDR sequences. IdpGAN does not in-
corporate experimental data in the ensemble-generation pro-
cess and, for this update, we did not adopt any reweighting
scheme (4) to improve compatibility with the experimental
data of the entries. idpGAN was applied to a specific set of
sequences from the PED database, involving the careful se-
lection of 47 entries meeting both idpGAN’s technical pre-
requisites and exhibiting a significant fraction of disorder. In
this context, idpGAN generated 1000 Cx-only conformers for
each selected entry, which were then converted into full all-
atom structures using the cg2all neural network (46). These
resulting structures underwent an energy minimization relax-
ation process similar to the one in AF predictions. For repro-
ducibility, the entire pipeline was made accessible at https:
/lgithub.com/feiglab/idpgan_ped.

We have also included fourteen ensembles generated with
the new IDPConformerGenerator software suite, which al-
lows statistical or experimentally (chemical shift) biased sam-
pling of torsion angles from the PDB to create all-atom
IDPs and IDRs (tails, linkers and loops) in the context of
full-length proteins containing folded domains (43,44). IDP-
ConformerGenerator allows exploration of multiple torsion-
angle sampling methods that enrich the ensembles’ confor-
mational diversity and account for post-translational modi-
fications, multi-chain protein complexes, non-protein ligands
such as nucleic acids and lipid bilayers around membrane-
bound proteins containing IDRs. The ensembles deposited
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were assessed in the original publications (43,44). IDPCon-
formerGenerator is open-source, fully documented with ex-
amples, and is accessible at https://github.com/julie-forman-
kay-lab/IDPConformerGenerator.

PEDdeposition service

PED introduces a dedicated deposition user interface accessi-
ble to everyone. This service allows depositors to upload en-
sembles and metadata, calculate and visualize structural fea-
tures, and assess ensemble quality through automated valida-
tion. Deposition of new ensembles into the PED can be de-
scribed in three main stages: ensemble deposition by the user,
calculation of ensemble properties, and finally, manual cura-
tion by PED expert curators (Figure 2).

The initial step in submitting an ensemble involves user au-
thentication through ORCID ID credentials. Within the de-
position service, users encounter two primary sections: one
for creating a new ensemble draft and another for manag-
ing existing drafts. Additionally, the service offers an example
ensemble draft to help users become acquainted with the re-
quired deposition information. After creating a new draft, the
user can begin depositing information, which is organized into
three main tabs: description, ensemble upload and construct
definition.

Ensemble description

In the ‘Experimental procedure’ section, users can provide a
brief overview of the experimental techniques employed to de-
termine the protein’s structural characteristics. The ‘Structural
ensemble calculation’ field captures computational meth-
ods, including software for pool generation, forward mod-
els and tools for fitting experimental observables with back-
calculated measurements from predicted models, as well as
validation efforts on the ensemble. For ensembles generated
through MD/MC simulations, there is a specific section to de-
tail simulation parameters like software, force field and wa-
ter model, simulation duration, enhanced sampling, cluster-
ing of frames, etc. Additionally, the database offers a con-
trolled vocabulary (CV) organized into an ontology to en-
hance searchability and standardize keywords describing ex-
perimental methodologies, ensemble generation and MD/MC
simulations. The last two sections in the ensemble description
focus on specifying the NCBI taxonomy ID of the expression
organism and providing cross-references to other databases,
including the BMRB, SASBDB, PCDDB, DisProt and IntAct
(47).

Upload

The upload section of the PEDdeposition service facilitates ef-
ficient submission of ensembles. Users can upload multiple-
model PDB files that contain the ensemble. Additionally, if
available, they can upload a tab-separated file containing
weights. These weights indicate the percentage contribution
of each conformer to the ensemble. The PED deposition ser-
vice initiates a validation pipeline to ensure accurate data for-
matting. External tools like DSSP (48) and MolProbity (49)
are employed to compute essential parameters, including sec-
ondary structure propensity, accessible surface area, radius of
gyration, Ramachandran outliers and steric clash analysis. All
resultant data are made available for download.
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Figure 2. PEDdeposition service workflow. The workflow begins with the

submission of an ensemble, which includes the description of both

experimental and computational components, the deposition of conformers and the specification of the protein construct via UniProt accessions and/or
protein sequence. The next step involves running the validation pipeline to evaluate the uploaded structures and generating insightful statistics through
tools such as MolProbity, DSSP and calculating the radius of gyration. At the final stage, the submitted ensemble entry undergoes a final review by
biocurators who determine whether to accept or reject it. Ultimately, approved ensembles are subsequently published on PED for public access.

Construct

Here, users define constructs corresponding to the deposited
protein or region. Constructs are assembled from ‘fragments’
which can be defined using UniProt accession numbers, iso-
form identifiers and regions. For engineered constructs, man-
ual input of the sequence is also an option. The feature viewer
highlights deviations and modifications in the sequence, aid-
ing in accurate definition.

Manual curation and validation

The final stage involves expert review and validation. The
PED deposition service distinguishes between general deposi-
tors and expert biocurators. Biocurators have access to a dash-
board where all deposited ensembles are organized based on
their review status. Upon submission, deposited information
undergoes thorough review and validation. If accepted, the en-
semble draft is prepared for release in the PED database; if not,

depositors are promptly informed of the reasons for rejection.
This automated process significantly reduces the time between
ensemble deposition and publication, streamlining the entire
workflow.

Implementation

The newly re-designed user interface (UI) provides a more
enriched user experience and notable features. A prominent
new addition to this UI version is a feature allowing users
to access supplementary data from the ensemble’s deposition
phase. This represents a departure from the traditional re-
port in PDF format, as users can now leverage a multitude of
data assets available in CSV or JSON formats. This transition
empowers users to have more flexibility to access and work
with the ensemble data according to their particular needs.
Furthermore, these data assets are also available on an im-
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proved REST API for programmatic access. Constructed us-
ing the Django REST framework in Python, this REST API is
meticulously documented according to the OpenAPI 3.0 stan-
dard. This documentation is presented using Swagger Ul en-
abling users to interact with the API on the website (https:
/Iproteinensemble.org/api). The API allows users to selectively
download specific data of interest, providing programmatic
access to all PED data. PED also introduces a minor redesign
of the browse page by grouping proteins for each entry, miti-
gating redundancy during the exploration of the database con-
tent. Another feature in this new version is the integration of
PED in the 3D-Beacons (50), a network that provides pro-
grammatic access to macromolecular data from different data
resources, therefore PED data is now also available through
the 3D-Beacons API.

PED introduces a dedicated deposition interface that is
accessible to all users. This new service enables depositors
to measure the quality of their ensembles through an auto-
mated validation process utilizing calculations provided by
tools such as MolProbity and DSSP. These calculations are fa-
cilitated by our distributed system, efficiently managing the
computational workload through SLURM, enabling parallel
calculation of multiple ensembles. The results are delivered
in CSV and JSON formats, similar to the main user interface
mentioned earlier. The service is integrated with the ORCID
authentication service, utilizing the OpenID standard to ver-
ify user identity. This authentication allows users to track the
status of their uploaded ensembles, which will undergo man-
ual validation by curators before being published in the main
database for public access. During this process, depositors
must provide an accurate description of their ensembles and
cross-reference them with other databases to enhance findabil-

1ty.

Conclusions and future work

Over the past 3 years, research on IDPs/IDRs has made signif-
icant progress, marked by the introduction of a diverse range
of novel computational, experimental and ML-derived tech-
niques for resolving structural ensembles. In alignment with
the most recent advancements in this field, we remain de-
voted to customizing the database to the community’s needs.
Through a large community effort, the PED has experienced a
substantial increase in its repertoire, with a noteworthy rise in
the number of ensembles, entries and conformers. The reper-
toire has also expanded with an ever-growing range of dif-
ferent methods and their diverse combinations, recently en-
riched in EPR spectroscopy. Furthermore, we have integrated
NMR-derived ensembles of IDPs/IDRs into PED and gener-
ated structural ensembles using advanced ML and sampling
techniques without biasing them with experimental data.
Another key improvement in this release is the complete re-
implementation and redesign of the PED deposition service.
This tool has evolved beyond its previous capabilities, and
now offers depositors a user-friendly, step-by-step workflow
for retaining their structural ensembles. Furthermore, it in-
cludes a fully automated validation pipeline that comprehen-
sively assesses the structure file format and generates insightful
statistics. Additionally, the validation pipeline is now accessi-
ble as a standalone resource, enabling anyone interested to
assess the quality of structural ensembles independently.
Further developments must be made in the future to address
several key areas. To begin with, there is a need to smoothly
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integrate coarse-grained (CG) ensembles into PED. Recently,
a pair of IDP force fields have emerged that efficiently gen-
erate CG models of random coil-like IDPs/IDRs and capture
the global characteristics of disordered proteins, such as the
radius of gyration (23,51-53). The integration of such models
into PED is long-awaited and has the potential to significantly
expand the number of available ensembles for IDPs/IDRs.

The need for a conceptual categorization of entries within
PED becomes increasingly important as we progress towards
incorporating ab-initio and NMR ensembles, and in the
near future, CG ensembles. Furthermore, by including pre-
dicted ensembles by diverse algorithms, we can facilitate the
benchmarking and comparison of various ensemble genera-
tion methods for IDPs. Recently, the rapid growth of Dis-
Prot enabled the design of two community benchmark efforts,
termed Critical Assessment of Protein Intrinsic Disorder pre-
diction (CAID) challenge (website: https:/caid.idpcentral.org/
challenge) (54-56). We envision that the consistent growth of
PED will also facilitate organizing a similar benchmark using
withheld high-quality ensemble data and promote the devel-
opment of predictors for IDP structural ensembles.

The long-term sustainability of PED is ensured by its cen-
tral role in various initiatives involving large communities
of bioinformaticians and structural biologists working in
the disordered proteins field. Such communities include the
‘ML4ANGP’ COST Action and the ELIXIR IDP Community,
both of which foster collaboration and knowledge exchange
among experts.

Data availability

The data that support the findings of this study are openly
available in PED at https://proteinensemble.org/.
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Abstract

Motivation: The accessibility and usability of high-performance computing (HPC) resources remain significant challenges in bioinformatics,
particularly for researchers lacking extensive technical expertise. While Distributed Resource Managers (DRMs) optimize resource utilization,
the complexities of interfacing with these systems often hinder broader adoption. DRMAAtic addresses these challenges by integrating the
Distributed Resource Management Application APl (DRMAA) with a user-friendly RESTful interface, simplifying job management across diverse
HPC environments. This framework empowers researchers to submit, monitor, and retrieve computational jobs securely and efficiently, without
requiring deep knowledge of underlying cluster configurations.

Results: We present DRMAAic, a flexible and scalable tool that bridges the gap between web interfaces and HPC infrastructures. Built on the
Django REST Framework, DRMAAtic supports seamless job submission and management via HTTP calls. Its modular architecture enables
integration with any DRM supporting DRMAA APIs and offers robust features such as role-based access control, throttling mechanisms, and
dependency management. Successful applications of DRMAAtic include the RING web server for protein structure analysis, the CAID
Prediction Portal for disorder and binding predictions, and the Protein Ensemble Database deposition server. These deployments demonstrate

DRMAAtic's potential to enhance computational workflows, improve resource efficiency, and facilitate open science in life sciences.
Availability and implementation: https://github.com/BioComputingUP/DRMAAtic, https://drmaatic.biocomputingup.it/.

1 Introduction

In contemporary scientific research, the dissemination of
computational tools and algorithms through intuitive web
interfaces has become essential for engaging a broad spec-
trum of users. In life sciences, particularly in bioinformatics
and computational biology, web interfaces not only enhance
accessibility but also facilitate reproducibility, enabling
researchers worldwide to utilize advanced computational
methods without needing extensive technical expertise or
dedicated local infrastructure. The web server issue of the
Nucleic Acids Research journal underscores the growing sig-
nificance of web-based computational solutions for the bio-
logical community. For example, 89 articles were published
in 2021 (Rigden and Ferndndez 2021), 102 in 2022 (Rigden
and Fernandez 2022), 81 in 2023 (Rigden and Ferndndez
2023), and 74 in 2024 (Rigden and Ferndndez 2024),
highlighting the continued demand for streamlined job crea-
tion and execution in web-based environments. Moreover,
the Galaxy Project (The Galaxy Community 2024) is an
open-source, web-based platform designed to make computa-
tional biology accessible to researchers without programming
expertise. It provides a user-friendly interface for construct-
ing and executing complex bioinformatics workflows,

emphasizing accessibility, reproducibility, and transparency
in data analysis.

However, facilitating secure and efficient access for exter-
nal applications to internal high-performance computing
(HPC) clusters presents significant challenges. Traditional
HTTP protocols are not inherently designed to manage the
demands of long-running computational tasks that require
substantial resources and often necessitate distribution across
multiple nodes within a cluster. This limitation arises because
HTTP operates on a request-response model, which is typi-
cally synchronous and does not accommodate prolonged
operations well. For example, consider a scenario where a
user submits a request to perform a resource-intensive data
analysis or machine learning task. In such cases, implement-
ing a solution often involves introducing mechanisms to han-
dle the asynchronous nature of these tasks.

On the server side, the application must manage the job,
spawning a new process, and monitor its progress and com-
pletion, all without waiting or blocking the main application
process. This could involve checking if the results are avail-
able on the file system, querying a database or intra-process
communication. These additional layers of logic introduce
challenges related to state management, consistency, and
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fault tolerance, which traditional HTTP protocols do not na-
tively address. This gap is compounded by existing web
server solutions, which are typically tailored to specific use
cases and lack the flexibility for general-purpose, customiz-
able job execution.

Distributed Resource Managers (DRMs) are key in manag-
ing computational tasks across networked nodes. These sys-
tems optimize resource utilization through sophisticated
scheduling and management policies, distributing tasks to
maximize throughput and efficiency. The Distributed
Resource Management Application API (DRMAA) (Troger
et al. 2007) (https://drmaa.org/) complements these systems
by offering a standardized interface for interacting with
DRMs, abstracting their complexities to facilitate seamless
job submission, control, and monitoring. Despite its poten-
tial, the adoption of DRMAA has been limited, with only a
subset of DRMs fully implementing the latest standards. This
disconnect hinders the development of interoperable tools
that can bridge the gap between web-based interfaces and dis-
tributed computing environments.

Nowadays, the development of modern Web APIs is pre-
dominantly centered around the Representational State
Transfer (REST) architecture (Fielding and Taylor 2000). A
RESTful API is an implementation of an API that strictly
adheres to the principles and constraints of REST architec-
ture, following a standardized design pattern that defines a
consistent and stateless set of operations. This architecture is
particularly well-suited for web-based services, offering key
advantages such as enhanced performance, scalability, and
flexibility. RESTful Web APIs facilitate interoperability be-
tween systems and applications, making them a cornerstone
of web software development (Cruz et al. 2020).

Several frameworks have been developed to expose HPC
resources through RESTful APIs, notably NEWT (Cholia and
Sun 2015), FirecREST (Cruz et al. 2020), and SCEAPI
(Ronggqiang et al. 2017). NEWT provides a web API for re-
mote job submission, monitoring, and file system access on
HPC systems. FirecREST takes a microservice-based ap-
proach to HPC middleware, handling job management and
data transfer with tight integration into existing supercom-
puting infrastructure. SCEAPI offers a unified RESTful inter-
face for job execution, file transfer, and authentication across
multiple supercomputing centers. While these solutions sig-
nificantly simplify HPC interactions, they are often tied to
specific configurations and require users to understand clus-
ter details, which can hinder accessibility for non-experts (see
Table 1 for a more detailed comparison). In this work, we in-
troduce DRMAAtic that fits into this ecosystem as a more
flexible, user-centric alternative. It leverages the standardized
DRMAA interface within a RESTful Django-based frame-
work (DRF) to abstract away cluster-specific intricacies, en-
abling users to submit predefined computational tasks,
monitor progress, and retrieve results via simple HTTP calls.
By adopting a job-centric approach (with task templates and
built-in result handling) and supporting robust authentica-
tion, DRMAAtic extends HPC capabilities to web applica-
tions and services with minimal user-side complexity,
effectively bridging the gap between complex HPC environ-
ments and user-friendly web interfaces. Here, we present the
architecture and functionalities of DRMAAtic, highlighting
its potential as a key tool for organizations, research groups,
and individual users seeking to enhance the accessibility and
usability of computational resources.
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2 Implementation

The core of the DRMAAtic architecture is the execution of a
job in a DRM. Each job must be defined as an executable
task with pre-configured parameters specifying how and
where the task will be executed. These parameters also in-
clude a set of user-defined options provided at execution
time. Users initiate job execution by selecting a task, provid-
ing necessary inputs, and submitting the job. The job is subse-
quently created and forwarded to the DRM for execution. A
universally unique identifier (UUID) is generated for the job,
allowing users to track its state and interact with it as needed.

2.1 Data modeling and management

DRMAAtic leverages the Django REST Framework (DRF) and
its Object-Relational Mapping (ORM) capabilities to model the
underlying database structure. The database schema (Fig. 1,
available as supplementary data at Bioinformatics Advances on-
line) centers around the job entity, which includes critical attrib-
utes like a UUID, description, and creation timestamp. Jobs are
interconnected with auxiliary entities, such as tasks to be exe-
cuted, through relational mappings. Additionally, jobs may in-
herit execution directories by referencing parent jobs, and the
“job_dependencies” table enables the specification of complex
inter-job relationships essential for constructing dependency-
driven workflows.

Tasks are defined by attributes such as a unique identifier,
execution command, queue assignment, CPU, and memory
requirements. Each task can include parameters with a vari-
ety of types (e.g. Boolean, integer, float, string, or file) and
features such as default values, administrator-only visibility,
and required status. User groups further refine execution per-
missions, facilitating resource allocation via throttling rates
and execution tokens.

2.2 APl endpoints and user interaction
API endpoints in DRMAAtic are implemented using DRF
views, enabling easy interactions through HTTP requests.
These endpoints cover the full spectrum of job lifecycle man-
agement, including submission, monitoring, and retrieval of
results (Table 2). For instance, a user submits a job by issuing
a POST request to the /job endpoint. This triggers server-side
validation of input parameters, job creation, and DRM sub-
mission, with a structured response containing job metadata.
Users may also leverage endpoints for querying job states,
downloading outputs, and managing dependencies. An exam-
ple (Fig. 2, available as supplementary data at Bioinformatics
Advances online): a user submitting a job can specify a list of
parameters in the request body, along with the task name to
be executed and optional fields such as parent_job, depen-
dencies, and dependency_type.

Detailed API documentation, enriched with Swagger-based
descriptions, is available at URL: https://drmaatic.biocompu
tingup.it to facilitate user adoption.

2.3 Authentication and authorization

DRMAAtic employs external authentication services, such as
ORCID (URL: https://orcid.org/), for identity verification, while
handling resource authorization internally. Authentication is fa-
cilitated via OAuth 2.0 implicit flow, where access tokens are
converted into stateless JSON Web Tokens (JWTs). Upon re-
ceipt of a valid JWT in an HTTP header, DRMAAtic authenti-
cates the user, retrieves metadata from the authentication

9z0Z Alenuer 9| uo Jash ouinply ‘d Bos1olqig Aq /¥6ZE 1L 8/Z | LIBAA/L/S/o|01B/SO0UBADPESOIBWIOUIOIG/WO0D dNodlWwapeoe//:sdyy WwoJj peapeojumod



DRMAAtic 3

Table 1. Comparative summary of DRMAAtic and other RESTful HPC API solutions.?

Framework  Ease of integration ~ Task con- File handling User management Extensibility Deployment

trol model complexity

DRMAAtic  (***)—standalone Predefined tasks, Built-in file staging  External auth Designed for (**)—runs as a
REST API simplifying and result support (e.g. extension: new single web
(Django) easily submission but retrieval via job OAuth/ORCID) task types and service (Docker
integrates into not permitting context (outputs with role-based parameters can deployment
web apps; arbitrary jobs. downloadable access; users be added; available) on
minimal HPC through API). need not have portable to any top of the
knowledge local DRM cluster’s
needed for HPC accounts. via DRMAA. scheduler
end-users. (requires

DRMAA
library).

NEWT (**)—provides General job Direct file system Tied to HPC Extensible via (**)—a monolithic
REST submission (no access and center plugin frame- service that
endpoints; preset tasks; transfer authentication work to support must be set up
integration users submit endpoints for (user accounts new commands within the HPC
requires users to scripts or upload/down- or API keys); or resources. environment;
have HPC commands), load and uses existing less complex
accounts and offering flexibility directory listing. user credentials than microservices
knowledge of with more user for but site-specific.
the target responsibility. job execution.
system.

FirecREST  Variable-rich API General job Dedicated Integrates with Loosely coupled (***)—complex
for HPC submission and microservices HPC site microservices microservice
operations, but system operations for data transfer identity allow adding or architecture
primarily for through (optimized for management upgrading (API gateway +
portal microservices large files and (tokens/OAuth components multiple
developers; (no built-in HPC storage with HPC (e.g. new services);
requires task templates). systems). accounts); services) at the intended for
token-based enforces cost of greater deployment by
access and per-user system large
HPC-center permissions. complexity. HPC centers.
setup.

SCEAPI (**)—offers a General job File transfer Centralized SSO Extensible to (***)—requires
unified API submission included and OAuth2 for additional HPC SCE middleware
across sites; across federated (endpoints for multiple centers and and coordination
integration is resources moving data clusters; maps services within between HPC
easier for users (standard to/from each users to site its federation sites; suitable for
once deployed, CRUD for jobs; site’s storage). accounts, model; not national or
but setting up no specific ensuring focused on multi-institutional
across multiple task templates). security user-defined HPC
HPC centers across centers. task infrastructure.
is involved. abstraction.

@ Asterisks indicate relative levels among frameworks as follows: (*) = Low, (**) = Moderate, and (***) = High.

provider, and ensures secure interaction (Fig. 3, available as sup-
plementary data at Bioinformatics Advances online).

Sensitive resources and endpoints are protected using role-
based access control, ensuring that only authorized users can
access specific functionalities. This dual-layered approach
enhances security while maintaining a robust user experience.

2.4 Throttling and resource management

DRMAAtic employs a dual-throttling strategy to ensure effi-
cient and fair use of HPC resources. API request throttling limits
the rate of user interactions to prevent unnecessary strain on the
system. More critically, job submission is governed by a CPU
token-based mechanism. Each user is assigned a fixed-size CPU
token bucket (e.g. 100 tokens), which is replenished at a defined
rate (e.g. 10 tokens per hour). Jobs can be configured to con-
sume tokens on submission proportional to their CPU needs,
for example, a task requiring 4 CPUs will consume 4 tokens. If
a user lacks sufficient tokens, the job submission is deferred
with a message indicating the wait time until enough tokens
are available (Fig. 4, available as supplementary data at
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Bioinformatics Advances online). The system identifies users ei-
ther through the authentication mechanism or, if they are not
authenticated, by their IP address.

In high-demand scenarios, this mechanism effectively
smooths submission spikes, preventing overloads on the
DRM. The throttling system guarantees that users cannot
monopolize cluster resources, maintaining responsiveness for
all users. Internal tests showed that even under concurrent
multi-user submissions (e.g. 50+ jobs across 5 users),
DRMAAtic maintained consistent job handling without sys-
tem crashes or degraded service. When the cluster reaches full
load, new job requests are queued by the DRM, while
DRMAAtic provides informative status updates without
blocking the interface.

2.5 Administration and configuration interface

DRMAAtic provides an administration web interface accessi-
ble via a dedicated “/admin” route (Fig. 5, available as sup-
plementary data at Bioinformatics Advances online).
Administrators can configure execution tasks, queues, and
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Method Route Description

GET /{provider}/token/ Allows users to obtain JWT tokens for authenticating with DRMAAtic, using access
tokens from external providers.

GET /cpu-credit/ Provides the amount of available CPU credits for the user.

POST /job/ Enables users to create new jobs, defining job parameters based on specific tasks.

GET /job/ Allows users to list and query jobs, including filtering by state, job name, and
other criteria.

GET /job/{uuid}/ Retrieves all the metadata of the job using its UUID, updating its state if it is not in a fi-
nal state.

DELETE /job/{uuid}/ Permits users to delete specific jobs, stopping them in DRM while preserving the execu-
tion directory and the metadata.

GET /job/{uuid}/download/ Allows users to download a zip file containing all the output files of a job.

GET /job/{uuid}/file/ Lists all the output files of a job, including their paths.

GET /job/{uuid}/file/{path} Enables users to download a specific output file of a job, given its path in the out-
put directory.

GET /job/{uuid}/status/ Provides the state of a job, updating it if necessary.

PUT /job/{uuid}/stop/ Stops a job that is executing in the DRM, returns an error if the job was al-
ready executed.

GET Jtask/ Lists all available tasks in the DRMAAtic system, including their parameters and
descriptions.

GET /task/{name}/ Retrieve a specific task.

@ The first column specifies the HTTP method allowed for the endpoint. The second column, the route, provides the address of the endpoint where the
client should send the request (the root indicates the targeted resource). Lastly, the description column explains the purpose and functionality of the endpoint.

user groups using this interface. Through the web-based ad-
ministration interface, an administrator can define new tasks
by specifying their name, execution command, associated
computational requirements (e.g. memory, CPUs, queue),
and any input parameters required at runtime. Parameters
can be customized with type validation (e.g. integer, float,
file) and can include optional flags to modify the execution
behavior. The interface also enables monitoring of submitted
jobs, parameter configurations, and debugging processes
(Fig. 6, available as supplementary data at Bioinformatics
Advances online).

Additionally, administrators can manage system perfor-
mance and security by configuring throttling parameters, exe-
cution tokens, and the longevity of access tokens. This low-
code configuration process enables seamless integration of
existing scripts or tools with minimal technical overhead,
making DRMAAtic accessible even for non-expert system
administrators.

3 Results

In this section, the general job execution workflow is de-
scribed, along with the integration of DRMAAtic with the
SLURM workload manager. Finally, three application exam-
ples utilizing DRMAAtic as a core component for job execu-
tion are presented and discussed.

3.1 Job execution workflow

The job lifecycle in DRMAAtic encompasses multiple states,
ensuring systematic management from submission to comple-
tion (Fig. 1). Each state is uniquely defined and linked to its
management context, either by the web server or the underly-
ing DRM. Upon job receipt, the server validates input param-
eters to prevent computational errors and resource misuse.
Jobs failing to meet predefined constraints, such as incorrect
configurations or insufficient CPU credits, are rejected to pro-
tect cluster resources and maintain availability.

Validated jobs are forwarded to the DRM, where the
scheduler assigns them to the cluster queue and marks them
as “queued active.” Jobs transition to the “running” state
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invalid job
RECEIVED - REJECTED
not enough
send to DRM CPU credits
v
CREATED
add to queue
in DRM
v
QUEUED
fail or ACTIVE stop
delete
= RUNNING
fail or stop
delete
v 4
[ FAILED J [ DONE ] [ STOPPED

Figure 1. Execution flow of a job with its relative states. A job can have
different states in its lifetime, depending on the user input or the result of
its execution.

when execution begins. On successful completion (exit code
zero), jobs are marked as “done.” Errors or disruptions dur-
ing execution result in a “failed” state, while users can issue
stop commands to halt active jobs, transitioning them to the
“stopped” state.

DRMAAtic dynamically tracks job states through direct
queries to the DRM during user requests, avoiding resource-
intensive polling. The server updates job states in its database
and communicates them to users in real time. Final states
(done, failed, stopped, rejected) are preserved in the
DRMAAtic database without further DRM updates, mini-
mizing unnecessary system interactions. This structured
workflow ensures efficient job management and optimal
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resource utilization while maintaining efficient user interac-
tion with the DRM.

3.2 DRMAALtic and SLURM integration

As previously highlighted, DRMAAtic is designed to inte-
grate smoothly with any DRM system that supports or
exposes DRMAA APIs (Fig. 2C and D). For this study,
our focus was on integrating DRMAAtic with SLURM, a
widely adopted workload manager in HPC environments.
DRMAAtic’s Python-based implementation utilizes the
DRMAA-Python library (available at https:/github.com/
pygridtools/drmaa-python) to access DRMAA bindings di-
rectly, enabling efficient job submission and management.

To ensure cross-compatibility, we developed a job struc-
ture that abstracts job configurations from DRM-specific
implementations. This abstraction allows DRMAAtic to in-
corporate additional SLURM-specific parameters, referred to
as “native specifications,” without deviating from the
DRMAA v1 standard. Key native specifications included in
DRMAAtic are CPU-per-task allocation, minimum RAM
requirements, and partition or queue designations. These
enhancements ensure robust job configuration while main-
taining the flexibility to integrate other DRMs in the future.
Notably, the nature and extent of native specifications vary
across DRMs, determined by their respective implementa-
tions of DRMAA bindings.

3.2.1 Deploying DRMAAtic with Docker

Deploying DRMAAtic in a production environment requires
proper configuration of the cluster and its dependencies. For
simplified local testing, a Docker Compose configuration was
developed to provide all necessary services:

* MariaDB: The primary relational database management
system utilized by both SLURM and DRMAAtic.

* phpMyAdmin: A web-based interface that simplifies
MariaDB administration.

A Inputdata

* slurmdbd: SLURM’s database daemon, responsible for
job accounting and tracking.

* slurmctld: The central management component in
SLURM, overseeing job scheduling, resource allocation,
and cluster monitoring.

* Worker Nodes (c1 and c2): Nodes configured to execute
computational tasks within the cluster.

* DRMAAtic: Serves as the interface to SLURM via the
DRMAA AP], using MariaDB for data storage.

During the initial execution of the Docker Compose setup,
a preconfigured test database is deployed, which includes
configurations for a sample task and an administrator ac-
count. This enables immediate functionality testing of
DRMAAtic. For production environments, DRMAAtic can
be deployed as a Docker container interfacing with an exist-
ing SLURM control daemon. In such cases, careful configura-
tion of SLURM is essential to ensure robust communication
with the control machine. Additionally, deploying
DRMAAtic in production requires a HTTP server (e.g.
Apache) paired with a Web Server Gateway Interface (WSGI)
(Fig. 2C). This setup provides the stability, scalability, and se-
curity required for production, including features such as
SSL/TLS termination and advanced access control.

File and Directory Management: Docker-based deploy-
ments of DRMAAtic require proper handling of job-specific
files and directories within mounted volumes. Ensuring that
the user executing jobs has appropriate write permissions is
critical. The internal user in the Docker container must corre-
spond to an external user to prevent permission conflicts,
particularly when Docker user remapping is enabled.
Addressing this challenge involves creating a dedicated user
whose UID is synchronized with external users across all
worker nodes.

3.3 Application examples

DRMAAtic supports client-side mashup integration, where
REST API calls originate from the web interface front-end (e.g.

DRMAAtic server D HPC clusters

B Web Services (o]

Residue Interaction

Protein structure Network Generator

3 RENG | | *

HTTP server

R

slurm Mysol i Worker
DRM/MySQL

Database

Nodes Server

django

framework

4l PEDdeposition

Protein Ensemble \
Database deposition bN
Structural H service H \
Ensembles H H

\
\

NN
\VARVARG ARV

g
REST APIs

CAID

Protein Sequence CAID prediction portal

’
/,
DRMAA: tic
DRAMATICALLY IMPROVE YOUR CLUSTER POTENTIAL

’
’
’

DRMAA APIs

Figure 2. DRMAAtic workflow and architecture. (A) Input data from user-facing web interfaces. Examples of web services utilizing these inputs are
RING, which accepts protein structures and conformational ensembles, PEDdeposition for structural ensemble submission, and CAID for sequence-
based predictions. (B) Web services act as clients making REST API calls to DRMAAtic (from front-end, not back-end), facilitating input submission and
delivering results. (C) DRMAAtic translates requests into job submissions to the HPC cluster, leveraging the functionality of DRMAA with RESTful APlIs,
implemented through the Django REST Framework. (D) Job execution and tracking occur on worker nodes, with metadata stored in the

backend database.
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JavaScript or React apps) rather than backend middleware.
This architecture enables seamless integration into web portals,
aligning with modern Web 2.0 principles.

3.3.1 RING web-server

The first operative web application interacting with the
DRMAAtic web server is the Residue Interaction Network
Generator (RING) (URL: https:/ring.biocomputingup.it/).
RING web server allows users to execute the RING software
(Del Conte et al. 2024) remotely on a cluster, eliminating the
need for local installation. Moreover, the server presents results
interactively, enabling users to analyze Residue Interaction
Networks (RINs), representing the interactions between resi-
dues within a protein structure.

The UI allows users to upload a protein structure or struc-
tural ensemble for analysis or retrieve it from Protein Data
Bank (Berman et al. 2003) and AlphaFoldDB (Varadi et al.
2024). Additionally, users can define various parameters for
the RING software, customizing the analysis and setting
thresholds for identifying interactions. Upon job submission,
the user-defined parameters are packaged and sent to
DRMAAtic for validation. Once validated in the back-end, a
RING task is executed within the DRM using the specified
inputs and parameters. The server then identifies the job with
a UUID, enabling users to monitor its status and retrieve out-
put files upon completion.

Upon successful execution, the outputs are downloaded
and processed for integration into interactive components of
the UI such as graphs, 3D protein structure representations,
and contact heatmaps. DRMAAtic’s architecture ensures effi-
cient user and job management, cluster execution of RING
tasks, and easy retrieval of prior jobs and their outputs.

3.3.2 CAID Prediction Portal

The CAID Prediction Portal (Del Conte et al. 2023; https:/
caid.idpcentral.org/portal) exemplifies the advanced use of
DRMAAtic for bioinformatics workflows. This portal
accepts a protein sequence, job description, and optional
email address as inputs, running disorder and binding predic-
tion algorithms to identify disordered regions and binding
sites. The portal integrates 40 distinct predictors from the lit-
erature, each executable against the query sequence. To en-
hance user experience, completed predictions are made
available for download or visualization on the web page,
managing different execution times across predictors.

The implementation strategy leverages DRMAAtic to man-
age dependencies systematically. A “main job” validates and
organizes input data within the execution directory, spawn-
ing individual prediction tasks as dependent jobs. This ap-
proach ensures predictions are executed sequentially, with
dependencies handled via DRMAAtic’s “afterok” mechanism
for predictors requiring supplementary inputs. Each predictor
generates outputs in its designated directory, populating the
main job’s execution directory with comprehensive results.

The frontend employs UUIDs to track jobs, enabling an easy
retrieval of related tasks. A polling mechanism monitors job
states, automatically downloading results upon completion. If an
email address is provided, a notification job is triggered to alert
the user when all tasks have concluded, even in cases of partial
failure, utilizing DRMAAtic’s “afterany” dependency setting.

This systematic and modular approach underscores the flexi-
bility of DRMAAtic, ensuring efficient resource utilization and
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user-centric results presentation for complex bioinformat-
ics tasks.

3.3.3 Deposition web-server of Protein Ensemble Database
The Protein Ensemble Database (PED) (Ghafouri et al. 2024)
serves as the main repository for structural ensembles of intrinsi-
cally disordered proteins (IDPs). Ensemble deposition is facili-
tated through a dedicated web server (URL: https://deposition.
proteinensemble.org/), allowing users to submit structural en-
semble data and execute the ensemble validation pipeline.

The user interface (UI) supports input of ensemble meta-
data, uploading structural ensemble files, and, when avail-
able, the weights of individual conformations. The backend
efficiently manages this data and integrates with DRMAAtic
via its API, enabling automated job submissions for ensemble
validation and statistical analysis. Tools such as MolProbity
(Williams et al. 2018), DSSP (Kabsch and Sander 1983), and
relative solvent accessibility (RSA) calculations, among other
global parameters derived from structural data, are used to
process and evaluate the ensembles.

The backend facilitates interaction with DRMAAtic and
updates the deposition database with job statuses in real time.
Upon completion, result files are securely stored in protected stor-
age, ensuring long-term preservation even after the associated
DRMAAtic jobs are deleted. The integration between the back-
end and DRMAAtic improves the deposition process, keeping
calculations and data processing nearly invisible to users until
results are finalized and made available through the UL

4 Discussion

The expanding role of web applications in life sciences, par-
ticularly in bioinformatics, highlights the importance of tools
that simplify access to complex computational infrastruc-
tures. One of the main challenges in this domain is the hetero-
geneity of cluster architectures and resource managers, which
makes web-based integration with HPC systems harder.

DRMAAtic addresses this challenge through its job-centric
design, which emphasizes predefined task templates, simplified
job submission, secure authentication, and intuitive result re-
trieval. Built on the DRF, DRMAAtic offers a modular, scalable
platform with native support for the DRMAA standard, en-
abling compatibility with multiple DRM such as SLURM and
PBS. Its architecture supports external authentication (e.g.
ORCID) and role-based access control, making it suitable for
public-facing services that do not rely on local Unix user
accounts. Throttling and token-based resource allocation mech-
anisms further ensure fair usage in multi-user environments.

When compared to existing HPC REST APIs such as
NEWT, FirecREST, and SCEAPI, DRMAAtic offers distinct
advantages and trade-offs. It is ideal for web portals or sci-
ence gateways where users interact with predefined work-
flows, requiring minimal technical knowledge. In contrast,
NEWT and FirecREST support arbitrary job submissions
and broader system access but are more complex to use and
deploy, particularly for non-experts. DRMAAtic also simpli-
fies integration into web mashups, thanks to its lightweight,
self-contained architecture. While FirecREST employs a
microservice model best suited for large HPC centers, and
SCEAPI supports cross-institutional federation, DRMAAtic
caters to individual labs or institutes needing a focused and
easy-to-deploy solution.
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From a security and usability standpoint, DRMAAtic allows
users to submit and monitor jobs without requiring local
accounts, while still maintaining control over access policies.
File management is tightly linked to each job, allowing users to
retrieve results without needing to navigate complex storage sys-
tems. While this limits flexibility in some advanced data work-
flows, it greatly enhances usability for predefined pipelines.

The versatility of DRMAAtic is demonstrated through its in-
tegration into real-world applications such as the RING web
server, the CAID Prediction Portal, and the PED deposition sys-
tem. These deployments showcase its ability to manage complex
and interdependent workflows efficiently, all while providing
an accessible user experience. DRMAAtic’s integration with
SLURM, combined with its Docker-based deployment option,
further emphasizes its adaptability and ease of maintenance.

In summary, DRMAAtic is most suitable when ease of inte-
gration, controlled job execution, and broad accessibility are
top priorities, for instance, in biomedical or life sciences re-
search portals that require HPC-backed computation through
user-friendly web interfaces. It may be less appropriate in sce-
narios demanding unrestricted HPC access, deep system inte-
gration, or federation across HPC centers, where more
comprehensive solutions like FirecREST, NEWT, or SCEAPI
may be more aligned with user needs. DRMAAtic’s capacity
to foster collaboration, improve accessibility, and optimize
resource efficiency aligns with the overarching goals of open
science and reproducibility in life sciences. As the demand for
user-friendly and versatile web-based tools continues to
grow, DRMAAtic represents a significant step toward
addressing these evolving needs.
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Chapter 2: Standardised Workflows for the Determination
of Conformational Ensembles
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framework for determining conformational ensembles of disordered
proteins. Nat Methods (2026). (https://doi.org/10.1038/s41592-026-
03003-2) (The appendix associated with this paper is provided in
Appendix B at the end of the thesis.)
2. Ghafouri H, Tosatto SC, Monzon AM. Advances in the determination
of disordered protein ensemble. Current Opinion in Structural Biology.
2026 Feb 1;96:103198. (https://doi.org/10.1016/j.5bi.2025.103198)(The
appendix associated with this paper is provided in Appendix C at
the end of the thesis.)
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Disordered proteins play essential roles in myriad cellular processes, yet their
structural characterization remains a major challenge due to their dynamic
and heterogeneous nature. Here we present acommunity-driven initiative
to address this problem by advocating a unified framework for determining
conformational ensembles of disordered proteins. Our aimis to integrate
state-of-the-art experimental techniques with advanced computational
methods, including knowledge-based sampling, enhanced molecular
dynamics and machine learning models. The modular framework comprises
three interconnected components: experimental data acquisition,
computational ensemble generation and validation. The systematic
development of this framework will ensure the accurate and reproducible
determination of conformational ensembles of disordered proteins. We
highlight the open challenges necessary to achieve this goal, including
force-field accuracy, efficient sampling, and environmental dependence,
advocating for collaborative benchmarking and standardized protocols.

Intrinsically disordered proteins and regions (hereafter collectively
termed IDPs) are prevalent in eukaryotic proteomes, making up an
estimated one-third of the human proteome’. These proteins exist
as conformational ensembles of rapidly interconverting conforma-
tions (Box 1)% IDPs are implicated in a broad range of signaling and
regulatory functions, such as signal transduction, gene expression,
genome organization, cell-cycle control and the formation of bio-
molecular condensates®. Consequently, IDPs are central targets for
biological and medical research. A defining feature of IDPs is the link
between the features of their conformational ensembles and their bio-
logical functions*®. Understanding this relationship requires arobust

framework for generating and analyzing conformational ensembles
by combining computational and experimental techniques. In this
Perspective, we advocate a unified framework for generating, analyz-
ing and validating conformational ensembles of IDPs. This framework,
developed through extensive discussions initiated during a workshop
held in Prague in May 2023 (https://ml4ngp.eu/workshop-prague/),
is structured around three key modules: (1) experimental observa-
tions informative of conformational ensembles, (2) computational
generation of conformational ensembles consistent with the experi-
mental information and (3) validation and comparison of the result-
ing conformational ensembles. By integrating insights from different
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BOX1

Glossary of terms used within
the scope of this paper

Term

Definition

IDPs and disordered protein Full-length proteins or protein regions that

regions lack a stable ordered three-dimensional
structure under physiological conditions
Conformers Structures able to interconvert without

making or breaking covalent bonds

Conformational collection A set of conformers

A conformational collection endowed
with statistical weights

Statistical ensemble

Conformational state A thermodynamic state of a protein

described by a statistical ensemble

Forward model A computational framework that predicts
experimental observables based on

protein structures

methodologies in structural and computational biology, our goal is
to progress toward establishing standardized processes that support
integrative studies of IDPs. This modular framework (Fig. 1) underscores
the importance of interdisciplinary collaboration in addressing the
complexities of IDPs. By standardizing methodologies and establishing
consensus within the scientific community, this framework seeks to
enhance our understanding of the functions of IDPs, advance meth-
odological rigor and accelerate therapeutic discovery.

Experimental techniques for studying IDP
structural ensembles

NMR spectroscopy

Nuclear magnetic resonance (NMR) spectroscopy is uniquely suited
for studying IDPs in solution, offering atomic-level information. This
technique can capture the dynamic and heterogeneous nature of
IDPs by exploiting the sensitivity of nuclear magnetic moments to
their local magnetic environment. This sensitivity enables precise,
selective and minimally invasive atomic-resolution assessment of
structure, dynamics and interactions of IDPs under near-physiological
conditions’, typically following isotope labeling. Because IDPs have
shallow free-energy landscapes, NMR observables are time averages
thatrepresent the statistical ensemble. However, the lack of informa-
tion on individual states can be viewed as a fundamental limitation.
The ensemble-averaged NMR parameters do not enable the specific
reconstruction of individual conformers of the ensemble. Instead,
the NMR parameters can be compared to those derived by forward
models from simulated structural ensembles and thus benchmark
the latter. Also, there are cases when some states of IDPs can be dis-
tinguished (for example, the presence of cis peptide bonds, which
giverise tosets of additional signals®*'°), or when the NMR spectrum
clearly carries amark of their distribution (for example, dynamics of
moltenglobules manifested by line broadening). NMR canalso unveil
sparsely populated NMR-invisible structural states by exploiting
the transfer of magnetization between these states and NMR-visible
states, through techniques like saturation transfer difference NMR
and relaxation dispersion NMR. By analyzing the transferred magneti-
zation, these techniques provide structural and dynamic information
about minor states populated during structural transitions upon
binding". Moreover, NMR methods of selective detection of certain
states have been designed (for example, paramagnetic relaxation
enhancement (PRE) discussed below).

Key NMR observables in IDP studies. Several NMR parameters can be
directly correlated to conformational properties of disordered proteins.
Chemicalshiftsreflectlocal electronic environments and provide insights
into secondary-structure propensities (SSPs)"*™*. Computational tools
such as ShiftX'*, SPARTA+, PPM* and CamShift" include forward mod-
els to predict chemical shifts from conformational ensembles (Table 1).

J-couplings, particularly three-bond couplings, directly report
on backbone torsion angles through the Karplus equation®. These
measurements are limited by the accuracy of the corresponding for-
ward models and the availability of measurable/-couplings for specific
torsion angles. For example, ¢ angles can reliably be probed. Fur-
thermore, ¢ angles often require complementary approaches such
as cross-correlated relaxation®*.

Residual dipolar couplings (RDCs) provide highly sensitive
insights into IDP conformational preferences by reporting on the
average orientation of bond vectors across all coexisting structures
insolution’*”, RDCs reveal local secondary-structure biases, having
an opposite sign in alpha-helices and extended structures. How-
ever, their detailed structural interpretation requires calculating
or fitting the alignment tensor, which is particularly challenging for
IDPs. To avoid this calculation, forward models that use the labo-
ratory reference frame have been proposed?. Various alignment
mediaexist, yet careful selection is crucial to avoid unwanted interac-
tions that could alter measurements. Another use of RDCs is for the
cross-validation of conformational ensembles derived from other
NMR and small-angle X-ray scattering (SAXS) data, ensuring consist-
encyinstructural interpretations”.

Relaxation rates offer insights into IDP dynamics across time-
scales. Through IDP-specific model-free formalism, the analysis of
several backbone "N relaxation experiments in multiple magnetic
fields probes the local and segmental motional amplitudes and their
associated correlation times??. These dataare also valuable for bench-
marking molecular dynamics simulations, in which ensemble reweight-
ing may be required to match experimental relaxation rates™.

PRE is particularly powerful for disordered proteins, revealing
transient long-range contacts and compact conformations within
heterogeneous ensembles. For instance, PRE measurements have
revealed transiently folded states in different IDPs®~**, complement-
ing global techniques like SAXS in characterizing conformational
distributions®*°. Paramagnetic relaxation interference methods
further expand this analysis, identifying correlated or anticorrelated
motionsin transiently compacted regions®.

Because IDPs are highly sensitive to their environments, in-cell
NMR s particularly indicated to study their context-dependent behav-
ior under native-like conditions, such as in bacterial and eukaryotic
cells. These studies, while technically challenging due to low sensitivity
and high background noise, highlight the potential of NMR to bridge
invitroandinvivo IDP investigations®.,

smFRET

Single-molecule Forster resonance energy transfer (smFRET) is a power-
ful tool for investigating the conformational dynamics and structural
heterogeneity of IDPs. Forster resonance energy transfer (FRET), a
non-radiative energy transfer froman excited donor fluorophore to an
acceptor fluorophore, is highly sensitive to donor-acceptor distances,
following an inverse sixth-power relationship. This makes smFRET a
spectroscopic ruler capable of measuring intermolecular and intramo-
lecular distances within a2-10-nmrange*. Unlike ensemble-averaging
methods, smFRET provides a unique ability to resolve subpopulations,
detect rare states and capture dynamic transitions of individual mol-
ecules, making it particularly suited for IDP studies***.

smFRET applications to IDPs. smFRET has been instrumental in
studying IDPs under diverse conditions. It has been used to elucidate
the conformational ensembles of IDPs in dilute solution****¢ and

Nature Methods

o1



Perspective

https://doi.org/10.1038/s41592-026-03003-2

Transient secondary Compactness

structure D & K\
Long range
P —— orientational
9 preferences
probe

Radius of gyration

PR

Intra-molecular
distances
Observed
experimental data

NS

Dihedral angles
Q
S

Predicted
experimental
observables via
forward models

EgY
=
&3
23
Force-field S 3,
average % 2
\ Lo % %5' Computational
-t i C eneration
z Lon Experimental %‘}; CElLEELE
3 T average
8 [T
o | il
& | il
| 1
§ &
Measured quantity s,
%, ).
o
Maximum parsimony 9
Maximum entropy "o,
Methods
Knowledge-based methods
Physics-based methods
ML methods
Generative models .
MD simulation  Encoder Decoder Random sampling
— Latent

o/ s

Fig.1|Schematic representation of the modular framework for the
determination of conformational ensembles of IDPs. The illustration
presents the modular framework for determining conformational ensembles
of IDPs, comprising three interconnected modules: experimental methods,
computational ensemble generation and validation and comparison. The first
module focuses on experimental techniques such as NMR spectroscopy, single-
molecule FRET, SAXS, circular dichroism and electron paramagnetic resonance
spectroscopy. These methods provide local and global structural information
for characterizing the heterogeneous and dynamic nature of IDPs. The second
module of the framework addresses the computational determination of
conformational ensembles of IDPs. This module involves the generation of
conformational ensembles and the integration of experimental data obtained
in the first module. Ensemble generation methods can be categorized into
physics-based (molecular dynamics simulations), knowledge-based and machine
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learning methods. In addition, maximum parsimony and maximum entropy
are the main approaches for the integration of experimental data. The role of
forward models is crucial in this step since they link the experimental observables
to the generated models to ensure the goodness of fit to observed experimental
data. Lastly, the validation and comparison tools complete the circular process of
determining IDP conformational ensembles. Validation can be achieved through
compliance of structures in the ensemble with basic physicochemical rules
(structural validation), cross-validation using complementary experimental
data and functional relevance assessment. Comparison tools particularly involve
statistical methods for analyzing distributions, such as Kullback-Leibler,
Jensen-Shannon divergence scores and Wasserstein distances. MD, molecular

dynamics; ML, machine learning. Figure created in BioRender; Ghafouri, H.
https://biorender.com/aq5pa86 (2025).

crowded environments”, including phase-separated biomolecular
condensates*®*’and live cells®. Furthermore, this technique has shed
light on dynamic IDP complexes, revealing the interplay of transient
structural states during functional interactions*’. Single-molecule
studies can be performed down to picomolar concentrations*,

avoiding the complications of aggregation and allowing functional/
dysfunctional states of aggregation-prone IDPs to be probed*'**.

smFRET experimental setup and protein labeling. smFRET experi-
ments typically use either total internal reflection fluorescence
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Table 1| Main experimental methods to determine structural ensembles of IDPs

Experi
measurement

Forward models/
computational
tools/ theoretical
models

Information content

Structural
interpretation (for
example, residue
level versus global)

System Er
perturbation (in vivo/in vitro/
incell)

database

Chemical shifts

ShiftX, SHIFTS,
Sparta, PPM1,

Local SSP;
ensemble-averaged

Dihedral angles,

(traditional, Camshift deviations from random secor;dgry structure Isotope labeling
BC-NMR, ...) SSP. RCI. d2D, coil values. popu a'twon,
» RCI, ), o dynamics

Shiftcrypt Limited

Dipole-dipole

equation +

correlation Ensemble-averaged

function, distances between spin

PRE, paramagnetic
relaxation
interference

DEER-PREdict,
MMM (Multiscale
Modeling of

Macromolecules)

Covariance/
correlation analysis

labels and nuclei; provides
insight into transient,
weak or low-population
interactions and structural
heterogeneity.

Distances/regions
with correlated
folding/dynamics

Chemical
attachment of a
paramagnetic label

Relaxation rates

Model to data:
molecular dynamics
simulation +
correlation function

analysis + weighting

Data to model:
spectral density

Time constants for
intramolecular and global
motions; order parameters
reflecting flexibility;
reveals timescales of

Correlation times
+weights/order
parameters

93

NMR mapping, molecular motions. In cell/in vitro https://bmrb.io/
model-free analysis,
IMPACT
Data to model:
Stokes-Einstein
equation . .
bosy Glglba% hyfd rodynamll]c . Translation diffusion Isotope labeling
Model to data: radius; informs on chain coefficient
Kirkwood-Riseman  €XPansion or compaction
equation,
HYDROPRO
J-couplings Karplus equation Backbone dihedralangles  Dihedral angles
(4); detects transient
secondary structure.
Cross-correlated Data to model: Dihedral angles based Dihedral angles
cross-relaxation correlation on correlated relaxation
functions and processes between two
Karplus-like couplings.
equation
RDCs Modeling alignment  Bond vector orientation; Mutual orientation External alignment
and calculation of indicates transient (mechanically
the coupling structural elements and stressed gels,
long-range order alignment media)

SAXS Scattering intensity ~ CRYSOL/WAXSiS Provides global structural Global shapes and None required In vitro https://www.
as a function of the Pepsi-SAXS/FoXS information sizes, low-resolution sasbdb.org/
angle structures

SANS Scattering intensity ~ CRYSON/ Complementary to SAXS Global shapes and Deuteration In vitro https://www.
as a function of the pepsi-SANS sizes, low-resolution sasbdb.org/
angle structures
Transfer efficiency Intramolecular or
(fluorescence intermolecular
bursts or Forster equation + d?stfi.nce/distance
trajectories) polymer models, distribution,

molecular conformational
simulations>+ changes
dye model (for Number of populations,
Fluorescence L Intramolecular or
e example, FRET FRET efficiencies, o . . 5
(sm)FRET lifetime decay PPN o intermolecular Dye labeling In vitro/in cell Not applicable
positioning and fluorescence lifetimes, distance
screening, Seidel), fluorescence anisotropies B e
= distribution
rotamer-library
Time correlation approaches Distance relaxation
(nanosecond (for example, time
fluorescence FRETpredict)
correlation
spectroscopy)
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microscopy to observe immobilized molecules, or confocal spec-
troscopy to probe both freely diffusing and immobilized molecules.
For IDPs, confocal-based smFRET avoids perturbations from immobi-
lization and enables multiparameter detection (wavelength, lifetime,
anisotropy, correlation)®.

Proteins are subjected to site-specific labeling with donor-accep-
tor fluorophore pairs via cysteine residues or more advanced labeling
strategies, such as nonnatural amino acids or intein-based ligation
methods***°. Heterogeneously labeled populations and different stoi-
chiometries ofintermolecular FRET canbe resolved by alternating laser
excitation or pulsed interleaved excitation***’. The functional impact
of labeling must be carefully assessed through control experiments,
suchascomparingthelabeled and unlabeled IDP behaviorin functional
assays. Fluorophore mobility can be evaluated through time-resolved
fluorescence anisotropy to ensure rotational freedom*>*+**,

Quantitative analysis of smFRET data for IDPs. The FRET efficiency,
E, for IDPs cannot be interpreted in terms of a fixed donor-acceptor
distance. Instead, IDPs require analytical approaches that canaccount
for the broad distributions, P(r), of the inter-fluorophore distances r,
and the dynamic timescales of protein and dye motions. Suitable mod-
els from polymer physics have commonly been used for describing
global IDP features and to approximate P(r)*. Fluorescence lifetime
measurements complement smFRET for accurate P(r)determination.
Two-dimensional plots of donor and acceptor fluorescence lifetime
versus £ canreveal whether alinear relationship exists (indicating fixed
distances) or if deviations suggest broad and rapidly sampled distribu-
tions, offering a more stringent test of polymer models***, The integra-
tion with advanced computational approaches, including molecular
simulations and Bayesian reweighting, can provide more detailed
descriptions of P(r) and deviations from simple polymer models, for
instance in the presence of folded parts***®. Nanosecond fluorescence
correlation spectroscopy, combined with smFRET, enables the meas-
urement of fast dynamics, including the reconfiguration times of
disordered chains, which can be directly compared to simulations®.

Important aspects for smFRET are to assess potential perturba-
tions of the protein by fluorescent labeling, the analysis of complex
distance distributions and the role of the relevant timescales of the
measurement for signal averaging**°. Advances in labeling technol-
ogies and integration with computational modeling, including an
explicitrepresentation of fluorophores, and complementary biophysi-
cal techniques make smFRET invaluable in integrative approaches of
IDP ensemble determination®®®.,

SAS of X-rays and neutrons

Small-angle scattering (SAS) of X-rays (SAXS) and neutrons (SANS) have
emerged as powerful techniques for the structural characterization
of biomolecular systemsin solution®’. Despite being a low-resolution
(1-2 nm) technique, SAS offers valuable structural information on the
overall size and shape of biomolecules and biomolecular assemblies.
In the context of IDPs, this information is key to constrain the ensem-
ble description, and it is complementary to residue-level informa-
tion derived from other techniques®**. Major advances in beamline
instrumentation, automatization, sample preparation and computa-
tional methodsinthelast decade haveled toatremendousincreasein
the application of SAS to structural biology®’. The fast readout capa-
bilities of current detectors enable kinetic monitoring of reactions
across a broad timescale, from microseconds to hours, triggered by
stopped-flow® or temperature jumps®®.

Although the conceptual framework of X-ray and neutron scat-
tering as well as the strategies applied for their analysis are similar,
these techniques differ in practical aspects, especially related to their
sensitivity, whichis much higher for SAXS*”°. The advantage of SANS
arises from the different scattering power of nuclei, which is particu-
larly large between the proton and the deuteron. Exploiting thisisotope

effect through contrast variation experiments of partially deuterated
samples has been a key concept to enrich the structural content of
SANS experiments®®’°,

Analysis of SAS data. The scattering profile of an IDP is the average of
those arising from all coexisting conformations sampled insolution. As
aconsequence, SAS profiles measured for IDPs do not display features
along the momentum transfer (q) range®. Traditionally, Kratky plots
(I(g) x ¢* as a function of g), especially in their dimensionless form®*,
have been used to qualitatively identify (partly) disordered states and
distinguish them from globular particles. The Kratky representation
has the capacity to enhance particular features of scattering profiles,
allowing an easier identification of different degrees of compactness™.

Theradius of gyration, R,, which can be obtained from the smallest
angles of a SAS curve using the Guinier approximation, is the most
common descriptor to quantify the overall size of particles in solution.
The experimental R, is a single-value representation of the size of the
molecule, which for disordered states represents an ensemble average
over all accessible conformations of the IDP and its hydration layer.
The most common quantitative interpretation of R, for IDPs is based
onFlory’s equation, which relates it to the length of the protein chain
throughapowerlaw (R, « NY), where Nisthe number of residuesand
vis an exponential scaling factor. For chemically denatured proteins,
avvalue of =0.6 is expected’. However, according to theoretical mod-
els, IDPs are slightly more compact, with a v value of 0.522 + 0.01 (ref.
73). Recently, an approach has been developed to simultaneously
derive the R, and the v value from a single SAXS profile™, which has
been used to connect the compactness of IDPs with their capacity for
phase separation®®”.

The pairwise distance distribution, P(r), derived from the Fou-
rier transformation of the SAS profile, provides a one-dimensional
representation of the molecular structure, and it can also be used to
qualitatively identify protein flexibility. The P(r) also provides the maxi-
mum intramolecular distance, D,,,,, among all coexisting conformers.
However, in the context of disordered proteins, D,,,,, is not a robust
parameter, andits quantitative interpretationis not recommended’””.

For IDPs, ensemble approaches are required, relying on two key
ingredients: (i) accurate models of disordered states, and (ii) forward
models with the capacity to robustly predict scattering properties
including contributions from the solvent to the measured SAS data’.

Other biophysical techniques

Other complementary experimental methods have also gained atten-
tioninthestudying of IDPstructural properties (Supplementary Table1).
Hydrogen deuterium exchange (HDX) relies on measuring the rate
at which amide protons in the protein backbone exchange with deu-
terium in a heavy water solution, a process highly sensitive to struc-
tural fluctuations and hydrogen bonding. For IDPs, HDX by NMR
spectroscopy or in particular by mass spectrometry (HDX-MS) pro-
vides valuable insights into disorder-to-order transitions, transient
secondary-structure formation and conformational flexibility, mak-
ing it acomplementary technique to other structural methods such
as NMR, smFRET or SAS. However, given the high exchange rates of
IDPs, careful control of experimental conditions, such as pH, tem-
perature and labeling times, becomes critical to ensure meaningful
interpretation of the data”. Mass spectrometry-based techniques
beyond HDX-MS, for example covalent labeling approaches such as
hydroxyl radical footprinting or DEPC, and carboxyl or lysine-specific
covalent modifications, provide complementary insights into IDP
dynamics by irreversibly labeling solvent-exposed side chains on rapid
timescales®’. These methods capture transient and heterogeneous
conformations that HDX may miss, offering residue-level resolution of
side-chain exposure. Applicationsinclude detecting structural transi-
tions during amyloid formation®, mapping interactioninterfaces® and
identifying microenvironment-sensitive regions®%*, When combined
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with modeling, these approaches enhance our ability to characterize
the dynamic ensembles and functional states of IDPs.

Circular dichroism spectroscopy isacommon technique for char-
acterizing protein secondary structures by measuring the differential
absorption of left- and right-circularly polarized light. Traditionally
calibrated for globular proteins, circular dichroism spectroscopy has
faced challenges in analyzing IDPs due to their weak and featureless
spectra. Recent advancements have introduced new IDP reference
datasets®®¢, enhancing the ability of this technique to detect confor-
mational changes under various conditions. Despite these improve-
ments, precise secondary-structure quantification of IDPs still remains
achallenge.

Electron paramagnetic resonance spectroscopy, combined with
site-directed spin labeling, is used to detect unpaired electrons and
measure distance distributions between specific residues. It has
emerged as a powerful technique for studying IDPs¥. Electron para-
magnetic resonance spectroscopy coupled withsite-directed spin labe-
ling is particularly useful for monitoring folding events and structural
behavior, asitis not limited by protein size or system complexity®. The
technique has been successfully applied to study disease-associated
IDPs such as a-synucleinand tau, providing valuable insightsinto their
conformational ensembles and interactions with the environment®*.

Integrative experimental modeling

Integrative experimental approaches rely on combining comple-
mentary experimental data to determine conformational ensem-
bles. An analysis of the Protein Ensemble Database’® shows that the
most common hybrid approaches combine SAXS with NMR and/or
smFRET. Notably, Gomes et al.” used experimental NMR and SAXS
data to construct the conformational ensembles for Sicl and phos-
phorylated Sicl, and subsequently used smFRET data as anindepend-
ent validation criterion. In another recent study, Borthakur et al.”
demonstrated that reweighted ensembles obtained from molecular
dynamics simulations using different force fields converge to highly
similar ensembles when incorporating extensive experimental data
from NMR and SAXS. In addition, other combinations can be useful,
such as SAXS, smFRET, fluorescence correlation spectroscopy and
dynamic light scattering, as shown by Borgia etal.”’. Such integrative
studies illustrate how the information from different techniques
iscomplementary.

Bridging experiments and theory: forward models

Acritical elementin translating experimental datainto conformational
ensembles is to define procedures, referred to as forward models,
to calculate experimental observables from protein structures’”., A
major problem of forward models for IDPs is that most experimental
methods provide data describing the average properties of proteins
in solution, often over different timescales, rather than features of
individual protein molecules, thus requiring a corresponding confor-
mational averaging in the calculations’*®. Forward models estimating
the experimental observables from generated models enable fitting
experimental data obtained from various sources witharepresentative
collection of conformations, as outlined in Table 1. Because the use of
forward models influences the fitting procedure, selecting the appro-
priate model requires detailed understanding and considerations’. For
instance, parameters of forward models need to be adjusted, ideally
through self-consistent refinement against experimental datasets of
both forward models and conformational ensembles’%. Ultimately,
experimental observations are influenced by both systematic and ran-
dom errors, which must be accounted for to produce accurate and
precise models™.

To consider errors and the inherent variability of experimen-
tal observables, different Bayesian inference frameworks have been
suggested”°. Nonetheless, the development of more accurate and
computationally efficient forward models and machine learning

tools to account for different sources of error remains an active area
ofresearch.

Computational generation of conformational
ensembles

Generating conformational ensembles through computational tech-
niques is a critical step in integrative modeling of IDPs, providing
atomic-levelinsight that complements experimental measurements.
Recent progress has been driven by tighter integration between experi-
mental and modeling efforts, where experimental data refine models
and models aid in the interpretation of complex experiments’. Three
main strategies are commonly used to generate conformational ensem-
bles: knowledge-based methods, which draw on empirical patterns or
structural fragments; physics-based simulations, which are based on
biophysical principles to sample the conformational landscape; and
machine learning-driven approaches, which infer structural features
from data without explicit physical modeling. Each strategy offers
distinct advantages, and their selection depends on the level of detail
required, available data and modeling goals.

Knowledge-based methods

Knowledge-based methods (Table 2) generate conformational
ensembles using heuristics or statistical patterns derived from
known protein structures. These approaches often rely on frag-
ment libraries, rotamer statistics or backbone angle distributions
informed by structural databases. Examples of such methods include
Flexible-Meccano®’, TraDES'° and IDPConformerGenerator'®, which
use fragments from nonredundant structural databases and statisti-
cal coil models to generate ensembles. Because they do not require
energy calculations, they are computationally efficient and suitable
for generating large conformational pools. These conformational
collections can then be refined or reweighted based on experimen-
tal constraints to approximate statistical ensembles. Importantly,
knowledge-based approaches are particularly useful when only lim-
ited experimental data are available, or when rapid conformational
collection generation is needed for large-scale applications. A sum-
mary of representative methods and typical use cases is provided in
Supplementary Table 2.

Physics-based methods

Physics-based approaches (Table 2) use molecular simulations to
generate IDP ensembles. Since force fields originally developed for
folded proteins often underestimate the flexibility and expanded
conformationstypical of disordered chains, IDP-specific force fields
such as a99SB-disp'®> and Amber ff99SBws/ff03ws'**> have been
developed to improve the balance between intramolecular and sol-
vent interactions to better reflect IDP conformational preferences.
Another challenge is sampling efficiency, as IDPs explore vast and
shallow free-energy landscapes. Techniques like replica-exchange
molecular dynamics'®*, which run simulations in parallel at different
temperatures to enhance conformational exploration, are commonly
used toimprove sampling. More recently, hybrid strategies that com-
bine simulation with machine learning—for example, using machine
learning-derived potentials to guide sampling—have emerged as prom-
ising tools'*'°, Alternative frameworks such as hydrophobicity scale
models'”” and CALVADOS'%'%°, coarse-grained models parameter-
ized against experimental data on IDPs and multidomain proteins,
reduce computational cost while preserving some of the essential
sequence-dependent behaviors. Beyond ensemble generation,
physics-based methods increasingly contribute to design-oriented
frameworks—from modeling the thermodynamic basis of multiphase
condensates"’, to uncovering sequence-ensemble-functionrelation-
ships in live cells', and enabling inverse design of IDRs with target
ensemble properties'>'*, Representative methods and applications
are summarized in Supplementary Table 2.
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Table 2| Comparison of computational strategies for the generation of conformational ensembles of IDPs

Knowledge based

Physics based

Machine learning

Protein sequence

Three-dimensional structural model

Protein sequence

Input
Structural fragments and SSPs (optional)

Force fields adapted for IDPs

Sampling backbone dihedrals using
Protein Data Bank (PDB)-derived statistics or

Core principle

Simulates atomic motions over time
using force fields

Learns statistical patterns from structural
and/or experimental data to generate IDP

fragments ensembles from sequence
Resource/speed Low; runs quickly on CPU with minimal High; computationally intensive, often Moderate; fast inference after training, may
setup needs require GPUs for large models
GPUs, HPC and force-field optimization
Output Diverse ensembles reflecting Time-resolved or equilibrium ensembles  Diverse coarse-grained/all-atom conformers

backbone variability without including
thermodynamic/kinetic information

with atomistic or coarse-grained
resolution

sampled from a learned distribution

Typical use cases Rapid conformer generation, SAXS
ensemble preparation, fragment-based

modeling NMR)

High-resolution structural refinement,
validating experimental data (SAXS,

Sequence-to-ensemble modeling, large-scale
IDP studies and synthetic ensemble
generation

Machine learning methods

Machine learning approaches (Table 2) have recently emerged as
an alternative strategy for generating conformational ensembles
of IDPs. These methods aim to learn sequence-ensemble relation-
ships directly from structural data, providing a way to overcome
some of the limitations of traditional simulation-based techniques.
Forexample, idpGAN'" is agenerative adversarial network trained on
ensembles generated by coarse-grained molecular dynamics simula-
tions, capable of producing novel ensembles with realistic z,. While
stillin early stages, machine learning-based models offer a promising
route for efficient ensemble generation, especially when integrated
with simulation-derived"*"” and/or experimental data"®. In addition
to generating ensembles, machine learning and related statistical
parameter-learning methods can be used to tune force-field parameters
against experimental data"*"’, predicting IDP properties directly from
sequence*®, designing novel IDP variants with desired properties>'*°
and predicting phase-separation propensities of IDPs'?. Representa-
tive machine learning-based methods for computational ensemble
generation are summarized in Supplementary Table 2.

Integration of computational models with experimental data

Experimental techniques such as NMR, SAXS and smFRET provide
importantinsightsinto the behavior of IDPs, but these measurements
typically report on averages over a wide range of rapidly fluctuating
conformations. By contrast, computational methods—such as molecu-
lar simulations—can generate detailed conformational ensembles
from a protein sequence. However, discrepancies often arise between
simulations and experiments, reflecting inaccuracies in force fields,
limited sampling or the nature of the experimental observableitself'**,

To address this aspect, an integrative modeling strategy is
needed—one in which experimental data and computational ensem-
blesinform and refine each other. The basic workflow (Fig. 2) involves
generating an ensemble using a physics-based, knowledge-based or
machine learning model, computing experimental observables from
that ensemble using forward models, and comparing them with actual
experimental measurements. When agreement is poor, the ensemble
can be refined or reweighted so that its average properties better
match the data.

Two main classes of approaches are available for this purpose. The
firstis based on maximum entropy'*, afoundational concept in statisti-
calmechanics for generating the most unbiased ensemble consistent
with known constraints. In its simplest form, and in the absence of
experimental data, structural ensembles follow the Boltzmann distri-

—BE;
bution: P; = %e ‘where E;is the energy of conformation i, B is the

inverse thermal energy, and Zis the partition function. However, when

experimental observables areintroduced, such as NMR chemical shifts
or SAXS profiles, this frameworkis generalized to a Gibbs distribution:

1 Xk BiEik
P=ze
deviation of conformation i from experimental observable k, and ;
(a Lagrange multiplier) adjusts the weight of that constraint. This
formulation ensures the structural ensemble remains as close as pos-
sible to the original distribution while still fulfilling the experimental
data. In practice, this statistical foundation, together with the princi-
ples from Bayesian statistics, underlies a number of maximum-
entropy-based methods such as Bayesian/maximum entropy (BME)'*,
BioEn'* and metainference®. These approaches implement the prin-
cipleeither by reweighting existing conformers post hoc, or by apply-
ing biasing forces during simulations to guide sampling. Such
techniques are especially effective for IDPs, whose native states are
characterized by extensive structural heterogeneity that must be
preserved during model refinement.

The second category, known as maximum parsimony meth-
ods, seeks to identify the smallest subset of conformers from a large
pool that can adequately explain the experimental data, minimizing
structural complexity. In contrast to maximum entropy, maximum
parsimony methods aim to simplify the conformational collection
by selecting or reweighting structures to maximize agreement with
experimental observations while minimizing the size of the confor-
mational collection. These approaches, such as EOM'?° and ASTER-
OIDS'", are particularly useful when only a few conformational states
aredominantand are thus most suitable for low-entropy systems with
limited conformational heterogeneity, where adescriptionin terms of
statistical ensemble is not required.

Theseintegrative strategies yield experimentally validated, physi-
cally realisticensembles. Representative techniques for integration of
experimental data are provided in Supplementary Table 3.

. Here, E; represents an effective energy term for the

Hybrid computational techniques

Some computational methods for modeling IDPs leverage com-
plementary modeling strategies. These hybrid approaches
(Supplementary Table 2) integrate complementary ensemble genera-
tion techniques, or couple ensemble generation directly with experi-
mental data integration strategies. One strategy involves combining
physics-based and knowledge-based approaches to enhance sampling
efficiency and structural diversity. For example, FastFloppyTail*® uses
fragment-based backbone sampling alongside energy-based refine-
ment. Other techniques couple machine learning with physics-based
modeling, such as AlphaFold-Metainference' and bAles'”, which
refines deep learning predictions from AlphaFold via Bayesian ensem-
ble inference and molecular simulation. A different class of hybrid
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methods links ensemble generation with experimentally data-driven
refinement. For instance, DynamICE"® integrates machine learning
with maximume-entropy principles to iteratively optimize ensemble
structures based on NMR data. These flexible and composable pipe-
lines offer practical advantages when addressing the complexity of IDP
ensembles, particularly in cases where no single modeling paradigm
is sufficient.

Open challenges in conformational ensemble generation
Despite recentadvances, several challenges remainin generating con-
formational ensembles'”. First, force-field accuracy continues to be
acritical limitation. While parametrizations using experimental data
and quantum chemistry calculations are continuously improving their
accuracy, current force fields still rely on rather simple functional forms
established decades ago, and fail to describe subtle interactions, such as
those arising from polarization effects, especially in complex or highly
flexible biomolecules. Progress in developing more accurate force
fields may require closer collaboration between experimental and com-
putational researchers and the development of top-down approaches,
including the adoption of machine learning methods'**"%'?°,

Second, the optimal integration of experimental data into simu-
lations is still an open problem®'?>, Many forward models used to
translate experimental data into simulation restraints are limited
by their assumptions and approximations. Accounting for the
ensemble-averaged nature of most experimental observables on IDPs,
suchasthose derived from NMR or smFRET, or the effect of the hydra-
tion for SAS, is critical for accurate modeling. Robust frameworks that
address uncertainties in both experimental data and forward models
are essential to bridge this gap”'?. In the absence of ground-truth
conformational ensembles, such frameworks require experimen-
tal data from orthogonal techniques and for different proteins to
self-consistently select, refine and validate forward models®®%",
These experimental dataare typically insufficient to describe aunique
conformational ensemble, with the final result dependent on the com-
putational model used to generate the ensemble.

Third, the efficient sampling of conformational space also remains
a critical bottleneck. Insufficient sampling can lead to incomplete or
biased conclusions, making it crucial to assess convergence rigorously.
Advancements in some techniques, such as accelerated molecular
dynamics and Markov state models*"'*?, offer potential solutions but
require widespread adoption and careful validation.

Conformational ensemble validation

and comparison

Comparison of conformational ensembles

The determination of an IDP ensemble from sparse experimental data
is amathematically underdetermined problem, leading to multiple
solutions. Hence, the comparison of these ensembles may be critical
for validating them (see next section), and/or for deriving mechanistic
insights by identifying functional correlates (for example, binding
regions, dynamic linkers), comparing homologous IDPs and assessing
theinfluence of solution conditions. As conformational ensemble com-
parison methods for folded proteins' are difficult to generalize to IDPs,
various approaches have been developedinrecent years. One common
strategy is to represent a conformational ensemble by a single scalar
that quantifies its conformational heterogeneity*, and differences
in this value can be used to compare two conformational ensembles.
While this metricis easy tointerpret, it offers only alimited view of the
differences between conformational ensembles and lacks the resolu-
tion to capture more local structural or dynamical variations. A more
sophisticated approachinvolves analyzing the differences in distance
distributions of individual residue pairs and assessing their statistical
significance between two conformational ensembles'*. However, given
the vast conformational variability of IDPs, it is essential to consider
both average properties and their distributions. Indeed, reducing IDP

Inefficient
sampling

f

«— Mismatch? —> Force-field

inaccuracies

Experimental and
forward-model errors

/ \
' '

Experimental data

N

NMR SAXS

Computational ensemble

" Physics-based,
knowledge-based
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smFRET

Integration
algorithms

|
! )

Maximum entropy
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minimal ensemble

Add pseudo-energy
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Select/reweight a
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Fig.2| Overview of integrative modeling strategies for IDPs. Experimental
methods such as NMR, SAXS and smFRET provide averaged data across many
conformations, while computational models generate detailed structural
ensembles. When the two disagree, for example due to limited sampling,
force-field inaccuracies or experimental noise, different strategies can be used
to improve agreement. These include maximum-entropy methods that adjust
structural ensemble weights and maximum parsimony methods that generate
conformational collections by selecting aminimal subset of structures. These
strategies help align computational models with experimental data. Figure
created in BioRender; Ghafouri, H. https://biorender.com/194xtx1(2025).

conformational descriptors to their mean can lead to major informa-
tionloss. Therefore, several methods have been proposed for extend-
ing comparative structural analyses to a distributional framework,
using various similarity measures to compare probability distribu-
tion functions, such as the Kullback-Leibler and the Jensen-Shannon
divergence*"**3¢ Hellinger distance'” or the Wasserstein distance'*®.
Amongthese, the Wasserstein distance is particularly appealing for its
incorporation of the geometry of the underlying space, althoughit is
more computationally demanding than the others. In this framework,
different descriptors can be used to characterize conformationsinside
each ensemble and to compute pairwise distances. The most natural
one is to use atomic coordinates and RMSD™*’; however, the required
structural superposition hinders its application to IDPs. To circumvent
this problem, other descriptors such as torsionangles or otherlocal
structural properties™° canbe considered. Foramore comprehensive
comparison, local and global structural descriptors can be taken into
account in a unified way"®. Other approaches for the comparative
analysis of conformational ensembles, such as methods incorporating
topology concepts'’ or the identification of local energy traps at the
residue level'”, have been explored. Supplementary Table 4 summa-
rizes conformational ensemble comparison methods.
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Validation of conformational ensembles

Validating conformational ensembles of IDPs is challenging, as their
accuracy and precisionare difficult to establish. Nonetheless, objective
criteriacan be applied, generally relying on orthogonal experimental
dataand emphasizing the importance of integrative approaches.

Validation typically begins with basic stereochemical checks to
ensure that each conformation follows physicochemical rules. These
include proper bond lengths, torsion angles, Ramachandran distribu-
tions and the absence of atomic clashes. Such conditions are not always
satisfied in Protein Ensemble Database ensembles®. The next step is
to verify that ensembles reproduce global structural parameters
derived from experiments like SAS and smFRET, or estimated from
sequence using polymer-physical principles**'*2. These include R,,
end-to-end distance, asphericity and scaling exponents (v)"**'*,
Because global parameters can be affected by secondary structure and
long-range contacts, validation should proceed to more local descrip-
tors, including smFRET-derived and PRE-derived distances,
inter-residue contact probabilities'**'*, secondary-structure content
from circular dichroism or NMR and residue-specific conformational
preferences obtained from NMR observables such as chemical shifts,
RDCs and nuclear Overhauser effects.

Robustness is another essential criterion. Ensembles that change
substantially when subsets of input data are removed indicate lim-
ited accuracy'”'¥. By contrast, predictive power, that is, the abil-
ity to anticipate independent experimental observables, provides
strong validation'*®,

Functional relevance is equally important. Ensembles should
capture biologically meaningful features such as disorder-to-order
transitions and the presence of bound-like states in the unbound
ensemble'*’, They may also reflect evolutionary conservation of global
dimensions or correlations between compaction and Gene Ontology
functional descriptors*’. In disease contexts, ensembles can help
explainmechanisms or guide therapeutic design, for example by pre-
dicting small-molecule binding and supporting structure-activity
relationship studies'° 2,

Finally, most ensembles are generated under in vitro conditions,
which may not fully represent in-cell conformations. The ultimate
benchmark for validation will, therefore, come from cellular structural
data, such asin-cell NMR or smFRET****>, which remain in early stages
of development*>>*,

Roadmap for conformational ensemble
determination

The determination of conformational ensembles of IDPs is at a criti-
calmoment: methodologies are expanding rapidly, but standardized
practices for validation, comparison and application remainelusive. To
address these challenges, we propose a four-pronged roadmap: estab-
lishing abenchmarkinginfrastructure, developing robust approaches
for uncertainty quantification, incorporating nonequilibrium and
kinetic aspects, and offering practical guidelines for method selection.

IDP Ensemble Benchmarking Challenge
A major step toward advancing ensemble modeling is the creation
of atransparent and standardized benchmarking initiative. Inspired
by the success of CASP in protein structure prediction' and CAID in
disorder prediction®°, we propose the IDP Ensemble Benchmarking
Challenge (IDP-Bench), a recurring, community-driven assessment
platform (Supplementary Fig.1). Its biennial cycle willinclude selection
of diverse experimental datasets by anindependent committee, sub-
mission of ensemble predictions by participating groups, automated
scoring against withheld validation data and continuous dissemination
of results through a dedicated website.

The first edition will focus on well-characterized IDPs such as
a-synuclein, Sicl, the K18 repeat and full-length tau, p27Kip1 and the
measles-virus NTAIL domain, which together cover diverse sequence

features, biological functions and experimental accessibility. These
proteins have extensive datasets, including SAXS, PRE, RDC, smFRET
and HDX-MS. Scoring will combine global metrics such as x? for SAXS
profiles and Kullback-Leibler divergence for distance distributions
with local measures such as PRERMSE, RDC Q-factors and Wasserstein
distances for smFRET (Supplementary Table 5). These willbe combined
intoaweighted composite score, withscriptsand error models released
as open-source tools. To test predictive capability more rigorously,
blind datasets such as SAXS or NMR under defined conditions will be
introduced in a second phase. IDP-Bench will provide a sustainable
benchmarking ecosystem that promotes transparency, drivesinnova-
tionand enables long-term progress tracking.

Uncertainty in conformational ensemble determination
Benchmarking requires not only standardized data and metrics but
also systematic treatment of uncertainty. We propose that uncertainty
quantification be integrated directly into the IDP-Bench framework.
Supplementary Fig. 2summarizes the main error sources across experi-
mental observables and serves asaguide for reproducibility and model
fitting. Forward-model errors must also be included. For example,
SPARTA+ predictions of backbone Ca chemical shifts have astandard
deviation of about 1 ppm on its training dataset"’, and SAXS predic-
tions with CRYSOL can deviate systematically due to hydration shell
modeling and background corrections"*"’. Where empirical error
estimates are lacking, bootstrapping over modeling parameters such as
fluorophore grids or rotamer libraries can provide confidence intervals.

The scoring pipeline will report both standard metrics and sta-
tistical descriptors such as reduced x?, residual distributions and
Bayes factors, allowing discrimination between genuine fits and
overfitting. Transparency will be enforced by requiring participants
to submit a checklist detailing experimental uncertainties, sources
of forward-model error, bootstrap or posterior distributions of fitted
parameters, and treatment of outliers. By embedding uncertainty
quantification at every stage, ensemble quality can be judged not
only in absolute terms but also relative to experimental noise and
modeling limitations.

Dynamic properties and nonequilibrium behavior of IDPs
Many IDPs act through transient interactions and conformational
switching that are not captured by equilibrium models. Progress
in time-resolved techniques, including X-ray crystallography
with free-electron lasers'®, real-time NMR'®!, time-resolved and
single-molecule FRET', time-resolved HDX-MS'** and SAXS'** and
liquid-state electron microscopy'® now enables access to kinetic pro-
cesses. These measurements can be used as restraints for simulations
that reconstruct the time evolution of ensembles.

Theoretical frameworks such as maximum entropy and its dynami-
cal extension, maximum caliber, allow the inference of dynamic behavior
consistent with experimental observations'*'”. These approaches are
still in their early stages but provide a path toward dynamic ensemble
models that more realistically capture time-dependent IDP function.

Guidelines for method selection
To support practitioners, we propose a decision framework for
method selection, summarized in Supplementary Fig. 3 and
Supplementary Tables 2 and 3. The process begins with evaluation of
available experimental data. When no structural information exists,
molecular dynamics simulations can provide baseline hypotheses. For
systems constrained only by local data, knowledge-based or machine
learning generators coupled with reweighting are recommended.
When both local and global data such as smFRET and SAXS are avail-
able, hybrid restrained simulations or Bayesian and maximum-entropy
approaches offer the best balance between fidelity and generalizability.
Biological objectives should also guide model resolution. All-atom
ensembles are preferred for site-specific predictions such as binding
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interfaces and mutational effects, while coarse-grained models are
more suitable for large-scale processes such as phase behavior or
scaling laws, where computational efficiency and statistical repre-
sentativeness are critical. Resource availability further shapes method
choice.Onadesktop workstation, knowledge-based sampling or accel-
erated Monte Carlo approaches are most practical. Access to modest
GPU clusters allows replica-exchange simulations or hybrid reweight-
ing, whereas high-performance computing facilities make possible
extensive all-atom replica simulations and advanced machine learning
refinement strategies.

Conclusion

Inthe face of growinginterestin disordered proteins and the understat-
ing of their structural properties, this Perspective establishes acompre-
hensive and practical framework to guide IDP ensemble determination,
benchmarking andinterpretation. By integrating community expertise
across experimental and computational domains, we chart aroadmap
for IDP ensemble determination, emphasize the need for uncertainty
quantification and propose actionable benchmarking strategies. To
implement this roadmap, we established the IDP Ensemble Bench-
marking Challenge, following the examples of CASP and CAID, which
greatly contributed to major advances in computational structural
biology. This collaborative effort not only provides clarity on the cur-
rentlandscape of conformational ensemble modeling but also defines
ashared vision for its future. As the field moves toward consensus and
interoperability, we hope this work will serve as both a reference and
a call to action, catalyzing rigorous, reproducible and biologically
relevant studies of disordered protein conformational space.
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Intrinsically disordered proteins (IDPs) play essential roles in
regulation, signaling, and phase separation, yet their structural
complexity cannot be captured by a single conformation.
Instead, they populate dynamic ensembles that encode a
context-dependent function. Recent advances in experimental
techniques coupled with physics-based simulations, coarse-
grained models, and machine learning, have transformed our
ability to generate and interpret IDP ensembles. Integrative
frameworks now combine complementary data with compu-
tational approaches to refine ensembles at both local and
global levels. Nevertheless, challenges remain in bench-
marking, error estimation, and modeling assemblies involving
protein—protein and protein—nucleic acid interactions. We
highlight recent progress and outline the emerging directions
that will shape the next generation of ensemble determination
methods.
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Introduction

Approximately 70 % of human proteins contain at least
one segment of 30 or more amino acids lacking stable
secondary or tertiary structure, and ~5 % are entirely
disordered [1]. These intrinsically disordered proteins
and regions (IDPs/IDRs) play central roles in regulation,
signaling, and phase separation, yet their behavior

cannot be captured by a single static structure. Instead,
they populate dynamic conformational ensembles that
encode functional versatility and context-dependent
interactions [1]. While state-of-the-art predictors such
as AlphaFold [2] excel for folded proteins, they fail to
represent IDP heterogeneity, underscoring the need for
dedicated approaches. Ensemble determination re-
quires an integrative workflow that combines experi-
mental techniques, computational generation, and
validation (Figure 1) [3]. Advances in biophysical
methods, physics-based simulations, knowledge-driven
strategies, and machine learning (ML) now allow en-
sembles constrained at multiple scales. By merging data
integration frameworks with artificial intelligence (Al),
the field is moving toward quantitative and predictive
descriptions of disordered protein behavior. Here, we
review recent progress in experimental and computa-
tional methodologies for IDP ensemble determination.

Recent advances in experimental
techniques

The structural characterization of IDPs relies on
experimental approaches that capture the broad
conformational heterogeneity and dynamic nature of
these systems. In recent years, methodological advances
in nuclear magnetic resonance (NMR) spectroscopy,
single-molecule Forster resonance energy transfer
(smFRET), and small-angle scattering (SAS), comple-
mented by other biophysical techniques, have signifi-
cantly expanded our ability to determine conformational
ensembles with higher resolution, and physiological
relevance [3] (Figure 2).

NMR remains the gold standard for atomic-level insight
into IDPs, capturing ensemble-averaged features such
as secondary structure propensities, backbone torsion
angles, and long-range contacts with minimal perturba-
tion [3]. Recent developments in relaxation dispersion
and paramagnetic techniques (e.g. PRE) have enhanced
detection of sparsely populated or transiently folded
states [4]. Moreover, in-cell NMR continues to mature,
extending studies to physiologically relevant environ-
ments [5] (Figure 2b).

smFRET offers nanometer-scale distance measure-
ments and uniquely resolves subpopulations and
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2 Folding, Binding and Protein Design (2026)

Figure 1
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dynamic transitions that are obscured in ensemble-
averaged methods. Applied to IDPs, smFRET has
characterized global chain dimensions, conformational
substates, and structural rearrangements in conditions
ranging from dilute solutions to crowded cellular milieus
and biomolecular condensates [6]. Technical advances
in site-specific fluorophore labeling, alternating/pulsed
excitation schemes, and multiparameter detection have
improved quantitative analysis, while integration with
polymer physics models and molecular simulations has
refined the extraction of full inter-dye distance distri-
butions and dynamic reconfiguration
times [7] (Figure 2a).

SAS, including both X-ray (SAXS) and neutron (SANS)
scattering, provides global information on molecular
size, shape, and compactness with minimal perturbation
to the system in solution. For IDPs, SAS delivers key
global descriptors such as the radius of gyration (Rg),
scaling exponent (V), and pairwise distance distribution
P(r), complementing the residue-level detail of NMR
and smFRET [8]. Recent advances include enhanced
beamline sensitivity, rapid data acquisition enabling ki-
netic studies from microseconds to hours, and improved
analysis frameworks capable of extracting polymer
scaling behavior directly from scattering pro-
files [9] (Figure 2c).

Complementary techniques have gained traction in
probing additional facets of IDP structure and dynamics.
Hydrogen—deuterium exchange, particularly coupled to

mass spectrometry, maps transient secondary structure
and conformational flexibility, while covalent labeling
and hydroxyl radical footprinting capture solvent expo-
sure at side chain resolution [10] (Figure 2d).

Collectively, these methodological advances have
reshaped the experimental landscape of IDP research,
fostering increasingly integrative approaches to decipher
sequence-encoded interactions, conformational dy-
namics, and the resulting structural transitions and
phase separation. Recent entries in the Protein
Ensemble Database (PED) [11] often combine SAXS
and NMR data and/or smFRET measurements [12],
frequently complemented by other orthogonal tech-
niques such as electron paramagnetic resonance and
circular dichroism (CD), to generate ensembles
constrained at both global and local levels.

Recent advances in computational

methods

Computational modeling of IDPs as conformational
ensembles is a widely used approach for interpreting
experimental data and gaining insight into their
conformational heterogeneity [23]. There are three
main strategies for generating conformational ensembles
of IDPs (‘Table 1): (a) physics-based methods, primarily
using molecular dynamics (MD) simulations; (b)
knowledge-based techniques, which rely on heuristics or
statistical patterns derived from known protein struc-
tures; and (c¢) ML—based approaches, particularly
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Figure 2
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other techniques such as CD and MS-based techniques probe secondary structure content and long-range residue—residue distance restraints [19,20].
Moreover, hybrid techniques integrate complementary observables from different experimental methods to generate ensembles consistent with
multiple structural restraints [21,22]. CD, circular dichroism; IDP, intrinsically disordered protein; MS, mass spectrometry; NMR, nuclear magnetic
resonance; SANS, small-angle neutron scattering; SAXS, small-angle X-ray scattering; smFRET, single-molecule Férster resonance energy transfer.

generative models, which infer structural features from
trained models without relying on explicit physical
principles. Another category of computational tech-
niques for determining IDP ensembles involves inte-
grating experimental data into computational models to
obtain ensembles that more accurately reflect experi-
mental observations. These methods are broadly divided
into two classes, maximum entropy and maximum
parsimony [24], explained later in this section.

Ensemble generation techniques

Knowledge-based methods

Knowledge-based methods offer the fastest way to
generate conformational ensembles. They construct
conformers by sampling residue fragments from nonre-
dundant, high-resolution experimental structures, using
the observed torsion angle distributions in these data-
sets as empirical descriptors of allowable backbone ge-
ometries rather than as explicit statistical potentials or
derived force fields. Early examples include TraDES
[25], which used probabilistic sampling with secondary

structure biases, and flexible-meccano [26], which
added IDP-specific conformational propensities and
back-calculation of experimental observables. Recent
tools, such as IDPConformerGenerator [27], extend
earlier approaches by incorporating fragment-based ¢/{/
w sampling, all-atom modeling, integration of experi-
mental restraints, and pipelines for ensemble analysis
and reweighting. The main limitation of such methods is
their neglect of time-dependent physical dynamics,
which prevents them from capturing kinetically relevant
processes and may lead to ensembles that do not fully
reflect the underlying energy landscape.

Physics-based methods

In physics-based approaches, MD simulations use force
fields to model protein motions over time, offering
detailed insights into the dynamic behavior of IDPs.

The choice of method depends strongly on the biolog-
ical question and the available computational resources.
In particular, all-atom MD simulations with force fields
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Table 1

Recent ensemble generation techniques, grouped into knowledge-based, physics-based, and machine learning approaches, with ap-

plications, strengths, and limitations.

Ensemble Technique Underlying concept Application context Advantages Drawbacks
Generation
Strategy
Knowledge- MoMA [74] Generates conformers  When extensive Incorporates all-atom Physical dynamics are
based through motion-planning sampling with realistic  representations with not accounted for
algorithms that apply geometry is required physically realistic
steric constraints and structures.
may integrate energy
models.

IDPConformer Draws torsion angles When incorporating both Modular framework that Relies on the quality of

Generator [27] from fragment libraries, sequence data and allows reweighting and fragments and the
potentially refined experimental constraints incorporation of SAXS/ effectiveness of scoring
through restraints NMR constraints functions.

DIPEND [75] Generates ensembles  For rapid backbone Flexible and efficient, Relies on heuristics and
by sampling statistical ensemble generation incorporating rotamer libraries without
dihedral angles directly from sequence experimental priors with modeling physical
conditioned on with minimal rapid clash resolution  dynamics, offering only
neighboring residues requirements and refinement. backbone-level
and applying structural sampling.
filters

Physics- Amber ff99SB All-atom modeling For simulating IDPs Enhanced accuracy of Computationally
based ws/ff03ws [76] framework refined to where protein—water global dimensions and intensive
better capture interactions are protein—protein
protein—solvent accurately balanced. interactions
interactions

DES-amber [29] All-atom force field Suitable for simulating Enhanced accuracy in  Limited to amber
optimized to capture IDPs, folded proteins,  global dimensions, ecosystem
protein—protein and protein—protein transient helix formation,
interactions complexes and protein—protein

interactions

MARTINI-3 [77] Coarse-grained Suitable for studying Scales efficiently to Simplified interactions
approach for studying  large biomolecular or  simulate large
complex biomolecular membrane-associated assemblies
structures systems

CALVADOS [40,41] Implicit-solvent coarse- Efficient modeling Efficient; accurate Provides residue-level
grained force field for ~ approach that accounts predictions of IDP resolution without
IDPs and multi-domain for sequence effects in compaction accounting for short-
proteins, parameterized IDPs and multi-domain lived secondary
using a top-down proteins structure or hydrogen
approach. bonds

Machine- idpGAN [42] GAN trained on CG-MD When rapid ensemble  Reproduces realistic Constrained by training
Learning ensembles to produce generation is needed ensemble variability and data patterns from CG
new conformers that is highly scalable simulations; generates
reproduce the statistical Ca-only ensemble
properties of the training representations.
data

idpSAM [78] Latent diffusion Designed to generate  Strong ability to Depends on large
approach (transformer ensembles of short IDRs generalize to new amounts of simulation-
autoencoder plus (<60 residues) and sequences with robust derived training data.
diffusion) trained on generalize to unseen  training stability.

ABSINTH implicit- sequences.
solvent ensembles to

generate new

conformers

BioEmu [79] Diffusion-based model Fast production of Rapid and sequence-  Restricted to backbone
trained on extensive equilibrium ensembles aware, generating sampling without side
datasets combining directly from the diverse ensembles chains; tends to
simulations and sequence. characteristic of overestimate Rg for
experimental disordered proteins. longer IDPs (>100
measurements residues).

Hybrid AlphaFold- Integrates AlphaFold-  Aimed at integrating Al- Incorporates prior Depends on AlphaFold-

Metainference [57]

derived constraints with
Bayesian ensemble

based insights into the

knowledge

derived priors and
confidence metrics.
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Table 1 (continued)
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Ensemble Technique Underlying concept Application context Advantages Drawbacks
Generation
Strategy

modeling, blending ML  refinement of

and physics-based ensembles.

methods.

DynamlICE [50] Employs a Generative  For situations where Allows de novo Local torsion-based
recurrent neural network fixed conformer pools  generation of sampling limits accuracy
to create conformers,  are inadequate and conformers consistent  in meeting distance
refined with diverse, data-driven IDP with data, integrating restraints such as NOEs
experimental data using ensembles are required. physical and and PREs.

a Bayesian reward experimental constraints
function (X-EISD). with iterative
improvement.

bAles [56] Incorporates Designed to efficiently  Rapid, atomistic-level  Relies on AF2 accuracy
AlphaFold2 distograms generate atomistic IDP modeling that is resilient and is less effective for
as distance restraints  ensembles, particularly to AF2 errors and environment-dependent
into a random coil prior under limited captures both local and or transient interactions.
using Bayesian experimental data. long-range features.
integration.

AFflecto [80] Constructs IDP For efficient conformer Rapid and adjustable, Lacks dynamic

ensembles through
fragment-based
sampling guided by
AlphaFold models,
incorporating secondary
strucutre elements
(SSEs) and steric
constraints.

generation directed by
AlphaFold predictions
with optional control
over SSEs.

integrates partial sampling; side chains
structural information  are represented by
without relying on MD or pseudo-atoms.

force fields.

AF2, AlphaFold2; CD, circular dichroism; IDP, intrinsically disordered protein; IDR, intrinsically disordered proteins and region; MD, molecular dynamics;
NMR, nuclear magnetic resonance; Rg, radius of gyration; SAXS, small-angle X-ray scattering; smFRET, single-molecule Forster resonance energy
transfer. GAN, generative adverserial network; X-EISD, extended experimental inferential structure determination; NOEs, nuclear overhauser effects;

PRE, paramagnetic relaxation enhancement.

adapted for IDPs [28—30] have proven valuable for
unraveling binding mechanisms with protein partners
[31], clarifying sequence—ensemble—function re-
lationships [32], assessing the impact of small-molecule
drugs [33], and elucidating the molecular processes
underlying liquid—liquid phase separation [34].
Although computationally demanding, recent advances
in GPU-accelerated MD simulations have greatly
increased the accessibility of this approach [35]. In
addition, enhanced sampling techniques now allow a
more efficient exploration of the complex free energy
landscapes of IDPs, yielding improved convergence and
more reliable ensemble descriptions [36]. Altogether,
ongoing research is addressing force field inaccuracies
and expanding conformational sampling through Al and
ML techniques [37,38]. For further details on atomistic
MD simulations applied to IDP systems, we refer
readers to this review paper [39].

On the other hand, coarse-grained (CG) MD simula-
tions provide an efficient approach to study global pa-
rameters of IDPs across larger timescales and system
sizes. Recent CG models, particularly those employing
data-driven force fields optimized with SAXS and NMR

data [40,41], have proven highly effective in capturing
realistic global ensemble features such as radius of gy-
ration (Rg), end-to-end distance (Ree), and the
apparent Flory scaling exponent (v). However, their
reduced resolution limits the accuracy of local structural
features and specific residue—residue interactions.
Taken together, physics-based methods remain
constrained by limited accessible timescales and the
inherent approximations of current force fields which
make it challenging to achieve convergence in
IDP simulations.

Machine learning methods

Machine learning—based methods have almost resolved
the challenge of predicting stable folded protein struc-
tures, whose conformational ensembles exhibit only
limited heterogeneity. Thanks to AlphaFold [2] and
other state-of-the-art models, it is now possible to pre-
dict the 3D structures of folded proteins with near-
experimental accuracy using only the primary
sequence. The next major challenge for Al-based ap-
proaches, however, lies in predicting protein conforma-
tional dynamics, where each sequence maps to a highly
heterogeneous distribution of structural ensembles. A
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growing number of ML models have recently been
developed to overcome the limitations of conventional
experimental and computational approaches in deter-
mining IDP ensembles. Broadly, these models can be
classified into three main categories:

a. Sampling techniques — it includes models that
generate structural ensembles either de #ovo or by
enhancing molecular simulations. These range from
generative models that directly sample conforma-
tional space [42—44] to ML approaches that accel-
erate or guide MD trajectories by learning effective
energy landscapes or proposing long timescale tran-
sitions [45,46].

b. Feature predictors — it comprises models that learn
to link sequence features to ensemble-averaged
properties. Rather than generating full ensembles,
these models predict global or local descriptors of
conformational behavior, such as chain compaction,
phase separation propensity, or transient secondary
structure content [47—49].

c. Experimentally-aware models — it includes models
that integrate experimental restraints into the ML
framework, either during training (e.g. incorporating
NMR, SAXS, or spectroscopy data) or at the infer-
ence time by biasing the sampling process. Such
approaches allow generated ensembles to be directly
tuned toward agreement with experimental observ-
ables [50,51].

Detailed descriptions about these methods are available
in these two reviews [52,53].

Despite these advances, MlL.-based approaches still
struggle to fully capture IDP  conformational
heterogeneity as they depend heavily on training data
quality and may miss physically realistic dynamics or rare
yet functionally important states.

Experimental data integration methods

After generating conformational ensembles with the
aforementioned methods, a common practice is to assess
their agreement with experimental data (Figure 3). This
process involves computing experimental observables
from each conformer using forward models (Figure 3a)
and comparing the ensemble-averaged predictions with
experimental measurements (Figure 3b). In practice,
however, the calculated ensembles often show poor
agreement with experimental data. This mismatch
typically arises from three main factors: insufficient
sampling of the protein energy landscape, inaccuracies
and approximations in force fields, and uncertainties or
sparsity in both forward models and experimental mea-
surements [54]. To overcome these limitations, experi-
mental data integration techniques are employed to
reweight ensembles or guide their generation, thereby
ensuring that the resulting conformers more accurately

reflect experimental observations (Figure 3c). Notably,
two main approaches exist for integrating experimental
data with ensemble generation: maximum entropy
(ME) and maximum parsimony (MP). ME methods
reweight ensembles to remain as close as possible to the
original prior distribution while enforcing agreement
with experimental observations. This strategy preserves
the inherent heterogeneity of IDPs and is particularly
powerful in maintaining ensemble diversity in high-
entropy systems. In contrast, MP methods aim to
identify the smallest subset of conformers that can
explain the data, thereby simplifying the representation
of conformational space. While ME emphasizes unbi-
ased refinement, MP favors minimal models and is best
suited for systems dominated by a few major confor-
mations. Further details on these approaches can be
found in a recent review [24]. Suppl. Table 1 summa-
rizes the recent integration methods and their respec-
tive use cases.

Hybrid techniques

Some computational strategies for modeling IDPs adopt
hybrid approaches that combine complementary
methods for ensemble generation and data integration.
One direction integrates physics-based and knowledge-
based sampling to balance computational efficiency with
conformational diversity. A common example is
fragment-based protocols refined with energy functions,
which leverage both empirical knowledge and physical
accuracy [55]. Another strategy merges ML with
physics-based modeling, where deep learning pre-
dictions are refined within Bayesian or simulation
frameworks [56,57]. A further class of approaches
directly couples ensemble generation with experimental
restraints, iteratively adjusting conformers to fit NMR or
other measurements [50]. An additional hybrid frame-
work combines hierarchical chain growth with MD
simulations, enabling statistically rigorous and compu-
tationally efficient sampling of IDP ensembles that can
be refined through integrative modeling or experimental
reweighting [58]. Such flexible pipelines exploit the
complementary strengths of different paradigms,
enabling more realistic ensembles in cases where a
single approach proves insufficient.

Comparison and validation techniques

As discussed earlier, conformational ensembles of IDPs
can be derived from a variety of experimental and
computational approaches. However, resolving these
ensembles is inherently an ill-posed problem [3] as
sparse experimental data often permit multiple solu-
tions. This highlights the need for robust methods to
compare ensembles and quantify differences between
those obtained from distinct data sources. In the context
of IDPs, an effective comparison metric should capture
both global ensemble properties and local structural
variations by reflecting differences in the underlying
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Schematic representation of experimental data integration strategies. (a) Forward models calculate observables from the coordinates of each conformer
in the ensemble and provide the distribution of experimental measurable in the ensemble. In this figure, we have shown Rg as an example (b)
Ensemble-averaged value is compared to experimental measurement. In this step, we normally observe mismatches between them. The reasons are
mainly insufficient sampling, uncertainties in experimental measurements and forward models, and approximations in force fields (c) Integration
methods reweight or refine ensembles to fit the computational ensemble model to experimental data. Two main approaches for integration of experi-

mental data are maximum entropy and maximum parsimony.

distributions rather than solely ensemble-averaged in-
formation. Such approaches are essential not only for
validating ensembles derived from diverse experimental
inputs but also for extracting mechanistic insights, for
example, identifying binding regions or dynamic linkers,
comparing homologous IDPs, and evaluating the effects
of solution conditions. Next, we outline recent advances
in IDP ensemble comparison techniques and introduce
complementary approaches for validating conforma-
tional ensembles.

Ensemble comparison methods

A variety of approaches have been developed to compare
conformational ensembles of IDPs, each capturing
different aspects of their structural variability. Scalar

descriptors provide a simple measure of conformational
heterogeneity, allowing ensembles to be compared via
single values, though at the cost of detail [59].
Distribution-based methods extend this by analyzing
differences in probability distributions of structural
features, such as inter-residue distances, using similarity
measures like Kullback—Leibler or Jensen—Shannon
divergence, Hellinger distance, or Wasserstein dis-
tance, which also account for geometric relationships
but at higher computational cost [60]. Descriptor-based
approaches rely on specific structural parameters:
atomic coordinates with root-mean-square deviation
(RMSD), torsion angles, or other local properties,
sometimes combining local and global descriptors for a
more integrated view [61]. Finally, alternative
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frameworks employ concepts such as topology or the
detection of local energy traps to highlight unique
structural features [62]. Together, these strategies
enable ensemble comparison across multiple levels of
resolution and complexity.

Conformational ensemble validation

Ensemble validation techniques focus on testing the
reliability of IDP ensembles by combining structural
checks, cross-validation against experimental data, and
assessments of biological relevance. Structural valida-
tion normally begins with stereochemical checks such as
bond lengths, torsion angles, Ramachandran distribu-
tions, and clash avoidance, criteria not always satisfied in
PED ensembles [11]. It then extends to global param-
cters like radius of gyration, end-to-end distance,
asphericity, and scaling exponents, derived from SAXS,
smFRET, and NMR measurements [63]. Local de-
scriptors, including inter-residue contact probabilities
[64], secondary structure content (CD and NMR), and
residue-specific torsion preferences (NMR: CSs, RDCs,
and NOEs), provide finer evaluation. Cross-validation
with experimental data can validate IDP ensembles by
testing robustness to data removal [65] and by verifying
the ability to predict independent observables [66].
Applications to o-synuclein, tau, and viral IDPs using
NMR, SAXS, and smFRET highlight this strategy [67].
Finally, functional validation examines biological rele-
vance, such as binding interfaces [68], conserved linker
dimensions [69], or disease mechanisms revealed
through small-molecule binding and structure-activity
relationship (SAR) analysis [70]. Emerging in-cell ap-
proaches [71] and sequence conservation analyses [72]
provide ultimate physiological benchmarks.

Future perspectives

Despite recent progress, several challenges remain
before conformational ensembles of IDPs can be
routinely determined and applied across biology. A first
priority is the establishment of robust community-
wide critical assessment (e.g. IDP-bench [3]), which
will allow systematic evaluation of generation
methods, forward models, and integration strategies.
Notably, a recent study proposed a benchmarking
protocol based on a curated set of experimental data,
primarily SAXS and NMR, to assess the performance
of several ensemble generation approaches including
machine learning and physics-based techniques [73].
Equally important is the development of data stan-
dards for reporting and exchanging experimental in-
formation, including rigorous annotation of
uncertainties and error estimates. Without explicit
error modeling, ensemble refinement risks overfitting
and limited reproducibility. Finally, the field must
expand beyond monomeric systems to include the
structural heterogeneity of  protein—protein,
protein—RNA, and protein—DNA assemblies, which

are central to cellular signaling and phase separation.
Addressing these challenges will require coordinated
efforts across experimentalists, biocurators and
computational scientists, ultimately enabling more
predictive, transferable, and biologically relevant
ensemble descriptions.
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Chapter 3: Computational Tools for the Analysis of Con-

formational Ensembles

This chapter contains one article published in Protein Science.

1.

Ghafouri H, Janson G, Tosatto SC, Monzon AM. IDPEnsembleTools:
An open-source library for analysis of conformational ensembles of
disordered proteins. Protein Science. 2026 Jan;35(1):e70427.(The
appendix associated with this paper is provided in Appendix D at
the end of the thesis.)
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1 | INTRODUCTION

Giacomo Janson? |

Silvio C. E. Tosatto 2 © |

Abstract

Intrinsically disordered proteins (IDPs) lack stable tertiary structure and
instead exist as dynamic ensembles of conformations, playing essential
roles in cellular regulation, signaling, and disease. As structural ensembles
of IDPs become increasingly available through databases such as the Pro-
tein Ensemble Database (PED) and various computational generation
methods, the need for systematic tools to analyze and compare these
ensembles has grown. Here, we present IDPET (Intrinsically Disordered
Protein Ensemble Tools), an open-source Python library designed to facili-
tate comprehensive analysis of IDP conformational ensembles. IDPET
enables users to load and process ensembles from various sources and for-
mats in parallel, compute global and local structural features, perform
dimensionality reduction and clustering, and compare ensembles quantita-
tively using metrics based on Jensen—Shannon divergence (JSD). To dem-
onstrate the package’s functionalities, we analyze three ensembles of the
unfolded drkN SH3 domain deposited in PED. This example illustrates how
IDPET can extract structural descriptors, visualize conformational diversity,
assess global and local features, and quantify differences between ensem-
bles generated using distinct experimental and computational methods. By
providing a reproducible and extensible framework, IDPET supports sys-
tematic exploration of ensemble features in IDPs. It is compatible with
atomistic and coarse-grained models and can be easily integrated with com-
munity resources.

KEYWORDS
conformational ensembles, dimensionality reduction, intrinsically disordered proteins, Protein
Ensemble Database (PED), structural ensemble analysis

physiological conditions, allowing them to participate in
dynamic cellular functions such as signal transduction,

Intrinsically disordered proteins and regions (collec-
tively referred to as IDPs) play vital roles in diverse bio-
logical and pathological processes across both
prokaryotic and eukaryotic organisms. Unlike folded
proteins, IDPs lack stable tertiary structures under

Hamidreza Ghafouri and Giacomo Janson contributed equally to this study.

genome maintenance, cell division, circadian rhythm
regulation, and homeostasis (Cuylen et al. 2016; Dun-
ker et al. 2001; Pelham et al. 2020; Wright and
Dyson 2015).

Due to their dynamic nature, IDPs are best repre-
sented by conformational ensembles, which capture
their structural variability. These ensembles consist of

This is an open access article under the terms of the Creative Commons Attribution License, which permits use, distribution and reproduction in any medium,

provided the original work is properly cited.
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rapidly interconverting states, often assigned statistical
weights to reflect their relative significance (Bonomi
et al. 2017). From these ensembles, various global and
local descriptors such as radius of gyration (Rg),
transient secondary structure content, Flory scaling
exponent, solvent-accessible surface area (SASA),
and end-to-end distances (Ree) can be extracted
(Holehouse and Kragelund 2023). These properties
capture how sequence composition and contextual fac-
tors shape the conformational behavior of IDPs (Martin
et al. 2020).

Importantly, ensemble properties can reveal evolu-
tionary and functional patterns that are not readily
apparent from primary sequences alone. For instance,
Gonzalez-Foutel et al. (Gonzalez-Foutel et al. 2022)
demonstrated that the mean end-to-end distance is
conserved across orthologs of a specific disordered
linker, despite limited sequence similarity. Thus, while
traditional multiple sequence alignments (MSAs) often
fail to detect conservation in IDPs (Ruff and
Pappu 2021) ensemble-level features offer a promising
alternative for exploring sequence—ensemble—function
relationships. This, in turn, depends on generating
accurate conformational ensembles.

This typically requires the integration of experimen-
tal data, including nuclear magnetic resonance (NMR)
(Gibbs et al. 2017), small-angle X-ray and neutron scat-
tering (SAXS and SANS) (Kikhney and Svergun 2015),
single-molecule Forster resonance energy transfer
(sm-FRET) (Schuler et al. 2016), and cryogenic elec-
tron microscopy (Cryo-EM) (Bonomi and Vendrus-
colo 2019), with computational techniques such as
atomistic simulations, coarse-grained models, Monte
Carlo methods, and knowledge-based approaches
(Joseph et al. 2021; Piana et al. 2020; Tesei
et al. 2024; Vitalis and Pappu 2009). More recently,
machine learning (ML) models and data-driven force
fields have enabled ensemble generation directly from
sequence data (Janson et al. 2023; Tesei and Lindorff-
Larsen 2023), even in the absence of explicit experi-
mental inputs.

However, this process is inherently ambiguous:
most experimental measurements reflect average
behaviors rather than unique conformations. Conse-
quently, multiple distinct ensembles may be consis-
tent with the same data (Ravera et al. 2016). A
well-known example is the Sic1 protein, which has
over 10 distinct ensembles archived in the Protein
Ensemble Database (PED) (Ghafouri et al. 2024),
each generated using different experimental or com-
putational protocols.

To systematically analyze and compare such
ensembles, we developed IDPET, “Intrinsically Disor-
dered Protein Ensemble Tool,” a Python package
designed for structural and statistical analysis of IDP
ensembles. IDPET enables users to load multiple
ensembles simultaneously, compute ensemble-level
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properties, and visualize key features through inter-
active plots. The tool also includes modules for
dimensionality reduction, clustering, and ensemble
comparison and can retrieve relevant datasets
through integrated database APIls. These capabilities
allow users to quantify differences between ensem-
bles generated by different methods or conditions. In
the following sections, we describe the structure and
functionality of IDPET and demonstrate its application
using an example IDP from the PED.

2 | RESULTS

This section describes the general workflow and the
various analyses modules in IDEPT. We use the pack-
age to analyze three IDP ensembles of the SH3 domain
of drkN protein, highlighting its core features. To further
demonstrate the versatility of IDPET, additional ana-
lyses were performed on systems with diverse struc-
tural and experimental characteristics. These include
(i) multidomain protein ensembles containing both
folded and intrinsically disordered regions and (ii) five
a-synuclein ensembles encompassing both atomistic
and coarse-grained representations. These examples,
available as Jupyter Notebooks at https://github.com/
BioComputingUP/EnsembleTools/tree/main/notebooks,
confirm that IDPET efficiently handles a wide range of
protein architectures, sizes, and ensemble types.

2.1 | IDPET workflow

The IDPET package is organized into three main mod-
ules: ensemble, ensemble_analysis, and visualization.
The ensemble module is responsible for loading struc-
tural ensembles into the package. IDPET uses MDTraj
(McGibbon et al. 2015) for parsing coordinate data,
allowing it to support various formats, including .xtc,
.dcd, and .pdb. Users can also specify a particular
chain or region of interest by providing the chain ID and
residue indices. Currently, only one chain per ensemble
can be analyzed at a time. Only protein atoms are
loaded in IDPET (e.g., solvent is excluded). Both atom-
istic and coarse-grained (Ca-only) protein ensembles
are supported. User-provided trajectory files are
assumed to be free of discontinuities caused by peri-
odic boundary conditions. If unit-cell information is
available, users can let IDPET reconstruct molecules
that are split across periodic boundaries via MDTraj’s
built-in functionalities.

Three dimensional coordinate data can be imported
either from local files or directly from external data-
bases. Currently, IDPET supports API requests from
PED and ATLAS (Vander Meersche et al. 2024), allow-
ing users to retrieve ensembles using their entry IDs in
these databases (Figure 1a).
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FIGURE 1

from idpet.ensemble_analysis import

data_dir = 'dir/to/save/your/analysis’'

analysis = EnsembleAnalysis
ensembles, data_dir

analysis. load_trajectories()

Contact maps

Show inter-residue distances
and contacts

from idpet.visualization import
Visualization

vis = Visualization(analysis=analysis

vis.relative_dssp_content (dssp_code= 'H'

analysis.get_features(featurization='rg')

Overview of IDPET architecture and analysis workflow. (a) The ensemble module handles input of structural ensembles from

local files (.xtc, .dcd, .pdb) or directly via APl from PED and ATLAS. Users can specify chain and residue selections for targeted analysis. (b) The
ensemble_analysis module extracts structural features at global (e.g., Ry, scaling exponent) and local levels (e.g., backbone dihedrals,
distances, secondary structure propensity). It supports dimensionality reduction (PCA, KPCA, t-SNE, UMAP) and ensemble comparison using
Jensen—Shannon divergence metrics. (c) The visualization module generates interactive plots including global feature distributions

(e.g., histograms, violin plots), residue-level properties (e.g., line plots), dimensionality reduction projections (2D/3D scatter plots), contact maps,
and ensemble similarity heatmaps. Example Python code snippets illustrate how each module can be used.

Once the ensemble is loaded, the ensemble_analy-
sis module performs the core analysis through four
main pipelines (Figure 1b):

Global analysis: Extracts overall structural features,
such as Ry, Ree, asphericity, prolateness, global
solvent-accessible surface area (SASA), and the
Flory scaling exponent (Alston et al. 2023).

Local analysis: Computes residue-level properties,
including intramolecular distances, dihedral angles,
and site-specific order and flexibility parameters that
reflect local disorder (Jeschke 2024).

Dimensionality reduction: Implements three algo-
rithms, t-SNE, UMAP, and PCA, to project high-
dimensional structural data (e.g., distances, angles,
root mean square deviation) into 2D or 3D space.
This helps compare ensembles and visualize differ-
ences in internal geometry. Additionally, conforma-
tions can be clustered using the k-nearest neighbors
(KNN) algorithm (Appadurai et al. 2023).

* Ensemble comparison: Introduces three comparison
scores based on Jensen—Shannon divergence (JSD),
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which quantify differences between distributions of
structural features (e.g., dihedral angles, distances)
across ensembles. These scores are presented as
comparison matrices.

Following this stage, data are organized either as 1D
arrays (for global features, yielding one value per confor-
mation) or as 2D arrays (for residue-level descriptors,
providing one value per residue per conformation),
enabling downstream analysis and visualization.

The third module, visualization (Figure 1c), handles
graphical representation of the analysis results. All out-
puts from the ensemble_analysis module can be visual-
ized and saved through this interface. For global
features, IDPET provides histograms and violin plots.
Distance-based data can be visualized using contact
probability maps, with customizable thresholds and
color schemes. Local features like site-specific order,
flexibility, or secondary structure content are shown as
line plots, where the x-axis corresponds to residue
number and the y-axis to the property value. For dimen-
sionality reduction, IDPET generates scatter plots in 2D

:Sd) SUONIPUO) PUE SUAL, A1 305 “[970Z/10/9T] U0 ATEIQIT AUIUQ ATEAN “IC] 191U3D) BAOPE] JO AUSIAATUN £ LTHOL0Id/Z00101/10p/O KoM TeIquauru0/:sdy Wwoxy papro[usmoq T ‘970 X96869%T

Yo Koji

1p

AsU201T suowwo)) aanea1) ajqeardde ayy £q pausarod are saponIe YO fasn Jo sajni 1oy KeIqry auruQ K31 Uo (¢



o2 | WILEY_ B8

GHAFOURI ET AL.

or 3D space. Points can be colored using various
labels, such as ensemble identity, clustering results, or
global features like Ry, Ree, asphericity, prolateness,
and SASA.

2.2 | Studying the global and local
features of conformational ensembles of
drKN SH3 domain

The drkN SH3 domain, derived from the Drosophila
Downstream of receptor kinase (Drk) adaptor protein, is a
well-characterized model system in protein folding and dis-
order studies. In its folded state, it adopts a canonical SH3
B-barrel structure, while its unfolded state serves as a pro-
totypical intrinsically disordered protein (IDP). This duality
makes it an ideal benchmark for assessing conformational
ensemble modeling techniques. In this work, we analyze
three ensembles of the unfolded drkN SH3 domain depos-
ited in the Protein Ensemble Database (PED):
PED00156e001, PED00157e001, and PED00158e001.
These ensembles were generated and characterized by
Lincoff et al. (Lincoff et al. 2020), each using different con-
former generation strategies followed by refinement
through the Extended Experimental Inferential Structure
Determination (X-EISD) approach (Lincoff et al. 2020).

The ensemble PED00156e001 was constructed by
selecting 100 structures from a large pool of ~100,000
conformers generated using TraDES (Feldman and
Hogue 2002), a tool that systematically unfolds the
native structure without applying experimental restraints.
This “random” ensemble represents a broad sampling
of disordered conformational space, ranging from com-
pact to highly extended structures. PED00157e001, by
contrast, consists of 100 conformers drawn from a smal-
ler pool (n = 1700) biased toward fitting SAXS and NMR
chemical shift data, using the ENSEMBLE (Krzeminski
et al. 2013) approach to guide structure selection. The
third ensemble, PED00158e001, includes 88 conforma-
tions derived from a 50:50 mixture of the TraDES and
ENSEMBLE pools, refined against the same experimen-
tal data. This hybrid strategy combines broad conforma-
tional diversity with experimentally informed structure
selection.

To demonstrate the capabilities of IDPET in captur-
ing ensemble-level diversity, we initially conducted a
two-part analysis focusing on both global and local
structural features.

2.21 | Global analysis

We first examined global descriptors such as Ry, Ree,
asphericity, and SASA. These parameters offer a mac-
roscopic view of each ensemble’s structural landscape.
As shown in Figure 2a, the three ensembles exhibit
roughly similar ensemble-averaged values for most
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global features; however, their distributions differ mark-
edly. The ensemble PED00156e001 shows broader
and more heterogeneous distributions across all global
metrics, reflecting its derivation from a large and uncon-
strained conformational pool. This suggests a greater
diversity in compactness and shape, with populations
spanning collapsed, intermediate, and extended states.
In contrast, PED00157e001 and PED00158e001, both
biased by SAXS and NMR data, exhibit narrower distri-
butions centered around more compact, helical-like
conformations. These ensembles display reduced stan-
dard deviations and lower asphericity, indicative of
more homogeneous structural populations.

2.2.2 | Local analysis

Next, we investigated local conformational features at
the residue level. Using IDPET, we computed the per-
residue helical content for each ensemble, revealing
distinct regions of transient secondary structure.
PED00157e001 and PED00158e001 display prominent
a-helical propensities in sequence regions 16-20, 30—
45, and 50-55 (Figure 2b). These features are absent
in PED00156e001, which retains the disordered coil-
like characteristics typical of a purely statistical ensem-
ble. To further probe local heterogeneity, we calculated
site-specific flexibility indices based on the circular
variance of backbone ¢ and y dihedral angles. The
regions with increased helicity in PED00157e001 and
PED00158e001 also show reduced flexibility (Figure 2c),
suggesting the presence of partial ordering induced by
the NMR chemical shift restraints used during refinement.

We complemented these analyses with Ramachan-
dran plots to visualize the dihedral angle distributions
(Figure 2d). While PED00156e001 shows a broad
spread of conformations typical of disordered regions,
PED00157e001 and PEDO00158e001 exhibit distinct
enrichment in the a-helical regions of ¢p/y space. These
observations confirm that the application of experimen-
tal restraints during ensemble generation has a signifi-
cant effect on local conformational preferences, even if
global averages remain similar.

In summary, our global and local analyses of the
drkN SH3 domain ensembles highlight the impact of ini-
tial conformer pools and experimental data integration
on the structural features of refined ensembles. IDPET
enables systematic comparison of such differences
and provides both macroscopic and microscopic
insights into IDP ensemble characteristics.

2.3 | Mapping the conformational space
of drkN SH3 domain ensembles via t-SNE

To explore how different ensemble generation strate-
gies influence the conformational diversity of the
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FIGURE 2 Analyzing the global and local features of the ensembles of the drkN SH3 domain in the unfolded state deposited in PED.
Cartoon representations (top) illustrate the conformational ensembles PED00156e001 (1, blue), PED00157e001 (ll, orange), and
PEDO00158e001 (lll, green), with colors corresponding to those used in the plots. (a) Global conformational properties analyzed with IDPET,
showing distributions of the (Ry), Ree, asphericity, and SASA. While the three ensembles exhibit roughly similar mean values for each descriptor,
their distributions differ, reflecting distinct structural sampling. Notably, PED00156e001 was generated from a randomly generated pool by
progressive unfolding of the native structure, while PED00157e001 and PED00158e001 were derived from experimentally biased pools.

(b) Relative content of Alpha Helix per residue, highlighting higher local helicity in PED00157e001 and PED00158e001. (c) Site-specific flexibility
profiles indicate increased conformational variability for PED00156e001, particularly in regions spanning residues 15-20 and 30—45.

(d) Ramachandran plots (2D histograms of backbone dihedral angles (1 and ) reveal enrichment of a-helical conformations in PED00157e001
and PED00158e001, in contrast to the broader conformational spread observed in PED00156e001.

unfolded drkN SH3 domain, we applied dimensionality
reduction using t-distributed stochastic neighbor
embedding (t-SNE) as implemented in IDPET. This
technique allows high-dimensional structural data to be
projected into a two-dimensional space (Appadurai
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et al. 2023), offering an interpretable view of the
ensemble landscape and facilitating comparisons
across datasets.

For each ensemble (PED00156e001, PED00157e001,
PEDO00158e001), we constructed a feature matrix from
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FIGURE 3 Visualization of drkN SH3 conformational ensembles in reduced-dimensional space using t-SNE projections based on different
structural descriptors. Each row corresponds to a different input feature used to compute pairwise distances between conformers: (a) Co—Ca
distances, (b) RMSD, and (c) backbone dihedral angles (7, y). These features were used to generate 2D t-SNE embeddings for three PED
ensembles (PED00156e001, PED00157e001, PED00158e001), shown as columns from left to right: (1) conformers colored by radius of gyration
(Rg). (2) K-nearest neighbor clustering labels, (3) original ensemble labels, and (4) kernel density estimates (KDEs) for each ensemble in t-SNE
space. Panels in the third column include the same two representative structures, corresponding to a compact and an extended conformation
from PED00158e001and PED00156e001, respectively, overlaid across all rows to illustrate how these structural extremes are positioned within

the t-SNE embeddings.

three types of structural descriptors: (i) pairwise root
mean square deviation (RMSD) between conformers,
(ii) backbone ¢ and  dihedral angles, and (iii) inter-
residue Ca-Ca distances. These features provide
complementary perspectives on structural variability,
capturing both global geometric differences and local
conformational states.

When using RMSD-based features, each structure is
represented as a vector of its distances to all others in
the ensemble. The resulting t-SNE projection (Figure 3a)
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reveals that PED00157e001 and PED00158e001
occupy compact and overlapping regions in the 2D
embedding, consistent with their narrower global feature
distributions. In contrast, PED00156e001 spans a wider
region, reflecting its broader structural heterogeneity.
This observation aligns with earlier analyses, in which
this ensemble showed greater variance in radius of gyra-
tion and asphericity.

To determine whether these structural embeddings
could be used to discriminate between ensembles, we

:Sd) SUONIPUO) PUE SUAL, A1 305 “[970Z/10/9T] U0 ATEIQIT AUIUQ ATEAN “IC] 191U3D) BAOPE] JO AUSIAATUN £ LTHOL0Id/Z00101/10p/O KoM TeIquauru0/:sdy Wwoxy papro[usmoq T ‘970 X96869%T

Yo Koji

p

1p

AsU201T suowwo)) aanea1) ajqeardde ayy £q pausarod are saponIe YO fasn Jo sajni 1oy KeIqry auruQ K31 Uo (¢



GHAFOURI ET AL.

o WILEY Lo

applied KNN clustering to the t-SNE output. Although
the RMSD-based embedding broadly separated struc-
tures by their compactness, it did not fully resolve the
three ensembles, suggesting that RMSD alone lacks
the resolution to capture finer structural differences.

We therefore repeated the dimensionality reduction
using torsional features, specifically, the backbone ¢
and  dihedral angles, as input (Figure 3b). This repre-
sentation more effectively distinguished the ensembles.
PED00156e001 adopts a distinct distribution, while
PED00157e001 and PEDO00158e001, both refined
using similar experimental restraints, show substantial
overlap. The improved resolution highlights the discrim-
inatory power of local angular features, which capture
subtle conformational biases introduced by ensemble
refinement protocols.

Finally, we assessed a third feature set based on
Co—Ca inter-residue distances. The resulting t-SNE
projection resembled the RMSD-based embedding in
its global structure (Figure 3c), capturing differences
in ensemble compactness but offering limited discrimi-
nation at finer levels. Clustering on this embedding pro-
duced three partially overlapping groups, which
correlated well with global structural descriptors such
as radius of gyration and end-to-end distance.

Taken together, these dimensionality reduction
results underscore the importance of feature selection
in comparative ensemble analysis. While global
distance-based descriptors are useful for capturing
broad structural trends, local features such as torsional
angles offer enhanced sensitivity to protocol-specific
biases. IDPET provides flexible access to both types of
representations and facilitates systematic evaluation
of conformational space across ensembles.

2.4 | Quantitative ensemble comparison
using Jensen—-Shannon divergence

To enable systematic comparison between conforma-
tional ensembles of disordered proteins, IDPET
implements three complementary metrics based on
Jensen—Shannon divergence (JSD) (Lin 2002)
(Ensemble comparison section in Data S1). These
scores assess the dissimilarity between feature distri-
butions extracted from different ensembles, capturing
both global and local structural differences. The three
implemented metrics are:

» adaJSD (alpha distance average JSD): compares
the distributions of all pairwise Co—Ca distances,
reflecting global structural differences.

ramaJSD (Ramachandran JSD): evaluates the joint
¢/y backbone dihedral angle distributions, sensitive
to local backbone geometry. This metric applies only
to all-atom ensembles.

ataJSD (alpha torsion average JSD): quantifies differ-
ences in a-torsion angles formed by four consecutive
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Ca atoms, offering a coarse-grained measure of local
structure that is compatible with both all-atom and
coarse-grained ensembles.

We applied these metrics to compare the three
ensembles of the drkN SH3 domain: PED00156e001
(I), PED00157e001(Il), and PEDO00158e001(lll). As
shown in Figure 4, each metric provides a distinct per-
spective on ensemble similarity.

The adaJSD values (Figure 4a) reveal that ensem-
bles Il and Il are the most similar in terms of global
Co—Ca distance distributions, consistent with the result
of dimensionality reduction analysis. In contrast,
ensemble | shows higher divergence when compared
to both Il and Ill, reflecting its broader conformational
variability. This suggests that while the overall shape
and compactness remain in a comparable range,
ensemble | explores a more diverse set of global
conformations.

By contrast, the ramaJSD scores (Figure 4b) show
greater divergence, particularly in comparisons involv-
ing ensemble |. This indicates that local backbone dihe-
dral angle distributions differ substantially between the
randomly sampled ensemble and those refined using
experimental restraints. These results align with our
earlier observations that ensemble Il and Il exhibit
enriched helical propensities, while ensemble |
explores a broader range of disordered conformations.

The ataJSD metric (Figure 4c) reveals a similar
trend to ramaJSD, though with lower absolute values.
This behavior reflects the coarser resolution of
a-torsion angles compared to @/y angles, yet still con-
firms meaningful local structural divergence, especially
in distinguishing PED00156e001 from the other two
ensembles. Importantly, ataJSD offers robustness
against noise in atomistic detail, making it a useful
alternative when working with lower-resolution or
coarse-grained models.

To assess the statistical significance of these differ-
ences, we implemented a bootstrapping strategy within
IDPET. For each pair of ensembles, the metric is
recalculated over multiple iterations using subsampled
conformers, and the distributions are compared via a
one-sided Mann-Whitney U test. This allows for esti-
mation of intra- versus inter-ensemble divergence,
even for ensembles with small sample sizes
(Figures S1 and S2 and Bootstrap section in Data S1).

Finally, while panels a—c in Figure 4 show average
JSD scores that summarize global differences between
ensembles, panels d-f provide a more detailed,
residue-level view. These plots show how Co—Ca dis-
tances (adaJSD), Ramachandran angles (ramaJSD),
and o-torsions (ataJSD) vary across the sequence
when comparing ensemble | with ensemble Ill, as
highlighted by the red boxes in Figure 4a—c. The largest
differences appear in the N-terminal (residues 10-20)
and C-terminal (residues 45-58) regions, which corre-
spond to segments with transient helices in ensemble
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FIGURE 4 Quantitative comparison of drkN SH3 ensembles using Jensen—Shannon divergence (JSD) across structural features. Pairwise
comparison between three PED ensembles (I: PED00156e001, Il: PED00157e001, Ill: PED00158e001) using Jensen—Shannon divergence
(JSD) to assess differences in structural descriptors. Top row: heatmaps showing average pairwise JSD scores between ensembles based on
(a) Ca—Ca distances, (b) backbone dihedral (¢/y) angles, and (c) a-torsion angles. Bottom row: residue-level or feature-wise JSD profiles for the
most divergent pair (I vs. Ill, highlighted in red). Panels show (d) a heatmap of per-residue JSD scores for Ca—Ca distances, (e) residue-wise

JSD for dihedral angles, and (f) residue-wise JSD for a-torsion angles.

lll. This suggests that using experimental restraints can
lead to more structured regions in specific parts of the
sequence. In contrast, the middle region is relatively
consistent between the two ensembles. Together,
these local profiles help explain where and how ensem-
bles differ, beyond what global metrics can capture.

Overall, this ensemble comparison framework dem-
onstrates that while global properties may converge
across ensembles, local structural features, particularly
backbone dihedral distributions, are more sensitive to
the underlying modeling strategy. IDPET thus provides
a multiresolution toolkit for ensemble comparison,
capable of capturing subtle yet functionally relevant dif-
ferences in IDP conformational landscapes.

3 | DISCUSSION

The highly dynamic nature of IDPs is best captured by
structural ensembles that represent the diversity of their
conformational states. Traditionally, such ensembles
have been derived from molecular dynamics (MD) simu-
lations, often combined with ensemble refinement
techniques to integrate experimental data (e.g., NMR,
SAXS, smFRET) (Bottaro and Lindorff-Larsen 2018).
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Alternatively, knowledge-based methods such as
TraDES (Feldman and Hogue 2002) and Flexible-
Meccano (Ozenne et al. 2012) generate large pools of
random conformers, which can then be reweighted to
match experimental observations (Bernadé et al. 2007).
More recently, machine learning and data-driven
approaches have made it possible to generate confor-
mational ensembles even in the absence of direct exper-
imental input. For example, idpGAN (Janson et al. 2023)
uses a generative framework to produce realistic ensem-
bles directly from sequence data. Furthermore, new
methods have emerged that generate ensembles based
on AlphaFold2 (Jumper et al. 2021) predictions
(Brotzakis et al. 2025; Schnapka et al. 2025; von Bllow
et al. 2025a). For instance, AFflecto (Pajkos et al. 2025)
utilizes AlphaFold predictions for the globular regions of
proteins while sampling conformations for the disordered
segments, such as loops, linkers, and terminal tails.
Alternatively, data-driven force fields like CALVADOS
(Tesei et al. 2021; von Bllow et al. 2025b) which are
optimized using SAXS and NMR measurements of
IDPs, enable the generation of realistic coarse-grained
ensembles.

These recent advances have significantly expanded
both experimentally derived and computationally
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predicted structural ensembles. For example, the num-
ber of entries in the PED has grown from 87 in 2021 to
over 500 today. In parallel, large-scale efforts have also
led to the publication of predicted conformational
ensembles for the entire human intrinsically disordered
proteome (Tesei et al. 2024).

This increasing diversity and volume of ensembles
now demand analytical frameworks that are not only
flexible but also tailored to the unique challenges of
IDPs, including low-resolution representations and high
conformational heterogeneity.

While general-purpose libraries like MDTraj
(McGibbon et al. 2015) and MDAnalysis (Michaud-
Agrawal et al. 2011) offer extensive functionality for MD
trajectory analysis, they are not tailored to the particu-
larities of IDP ensemble evaluation. This has led to the
development of more specialized tools. SOURSOP
(Lalmansingh et al. 2023), for instance, provides IDP-
specific analysis pipelines built on top of MDTraj, sup-
porting tasks such as secondary structure assignment,
contact analysis, and the calculation of various global
and local properties from MD trajectories of IDP simula-
tions. MMMx (Jeschke 2024) focuses on integrative
ensemble modeling guided by DEER spectroscopy,
particularly well-suited for spin-labeling studies.
EnGens (Conev et al. 2023) facilitates generation, fea-
turization, and dimensionality reduction of ensembles,
streamlining the analysis of large-scale conformational
datasets. A detailed comparison between IDPET and
SOURSAORP is provided in Table S2.

In this context, IDPET introduces a complementary
and modular toolkit designed for the structural ensem-
ble analysis of disordered proteins. Its key features
include support for simultaneous multi-ensemble analy-
sis, a comprehensive set of global and local structural
descriptors, and flexible pipelines for dimensionality
reduction and visualization. These capabilities make
IDPET particularly well-suited for comparing ensembles
generated using different computational or experimen-
tal methods. In addition to single-domain IDP ensem-
bles, IDPET also supports multidomain proteins and
disordered regions within folded proteins, which can be
loaded by specifying residue ranges or chain selec-
tions. This enables targeted analyses of flexible linkers
and domain—domain interactions using the same set of
structural descriptors. Notably, it integrates JSD-based
metrics and bootstrapping procedures to enable statisti-
cally robust comparisons of ensemble similarity, even
in the presence of noise or limited sample sizes. While
the drkN SH3 example serves as a validation case, the
same analysis pipelines can be applied to functionally
or evolutionarily related IDPs to assess how ensemble
properties (e.g., compaction, flexibility, transient struc-
ture) correlate with conserved biological roles, regula-
tory mechanisms, or environmental conditions.

Despite these advances, important challenges
remain. The accuracy and interpretability of ensemble-
derived features are deeply influenced by the underlying
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model quality and the choice of descriptors. Ensemble
properties can vary depending on the simulation
method, refinement strategy, and biophysical context,
complicating direct comparisons (Ghafouri et al. 2025).
Feature selection for dimensionality reduction and simi-
larity analysis is particularly nontrivial. Linear methods
like PCA may miss important nonlinear relationships,
while nonlinear techniques like t-SNE and UMAP are
sensitive to initialization and hyperparameter tuning.
Moreover, one- or two-dimensional similarity metrics
such as JSD may overlook higher-order correlations
between structural features, an issue partly addressed
by more computationally intensive approaches like
WASCO (Gonzalez-Delgado et al. 2023). IDPET
addresses some of these limitations by supporting multi-
ple structural representations—such as RMSD matrices,
backbone torsions, and inter-residue distances—and by
offering modular analysis pipelines adaptable to both
atomistic and coarse-grained data. Its bootstrapping-
based statistical evaluation framework further enhances
the robustness of ensemble comparisons. Future exten-
sions of IDPET will include integration of sequence-
based descriptors to connect sequence features
(e.g., charge patterning, hydropathy, and aromatic con-
tent) with ensemble-level structural properties. This will
further expand IDPET into a unified framework for corre-
lating sequence composition with conformational behav-
ior in disordered and hybrid proteins.

4 | CONCLUSION

In summary, IDPET provides an easy-to-use and com-
prehensive toolbox for studying structural ensembles of
IDPs. The modular characteristics of the package also
give this possibility to continuously update the package
based on the coming state-of-the-art methods corre-
sponding to featurization, comparison, multidimen-
sional projection, and new visualization settings.
Moreover, the package can be deployed as an analysis
pipeline for developing standalone web application
interfaces. Future developments will include the inte-
gration of IDPET analysis pipelines within the PED,
enabling automatic computation and visualization of
ensemble-level descriptors for all deposited entries.
This integration will strengthen the connection
between data deposition and analysis, facilitating
large-scale comparative studies across disordered
protein ensembles.

5 | METHODS

IDPET was developed as a modular Python library for
analyzing conformational ensembles of intrinsically dis-
ordered proteins. Its architecture comprises three main
modules: ensemble for loading data, ensemble_analy-
sis for extracting structural features, and visualization
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for plotting outputs. Ensemble properties are computed
using a combination of MDTraj-based and custom algo-
rithms. Global features include radius of gyration, end-
to-end distance, and solvent-accessible surface area;
local features include dihedral angles, flexibility indices,
and residue-level order parameters.

Dimensionality reduction is performed using PCA,
Kernel PCA, UMAP, and t-SNE on diverse structural
representations (e.g., ¢/y angles, o-torsions, pairwise
RMSD). To assess ensemble similarity, we implemen-
ted three Jensen—-Shannon divergence (JSD)-based
scores: adaJSD (global distances), ataJSD (a-torsions),
and ramaJSD (backbone dihedrals). Statistical
significance of comparisons can be evaluated through
a bootstrapping procedure with Mann—Whitney
U testing. All figures were generated using matplotlib
and Plotly, with interactive options available. Addi-
tional implementation details, feature definitions,
dimensionality reduction strategies, and ensemble
comparison formulas are provided in detail in Methods
section in Data S1.

IDPET’s computational efficiency scales with its
NumPy, MDTraj, and scikit-learn dependencies. On
standard workstations, typical analyses such as
ensemble loading, featurization, computation of global
descriptors, dimensionality reduction via PCA, and
JSD-based ensemble comparisons complete within
seconds to minutes for ensembles comprising up to
several thousand conformers. More computationally
intensive tasks, including SASA calculations and t-SNE
projections, may require longer runtimes that increase
nonlinearly with ensemble size. Benchmarks performed
on large PED ensembles (~3000 conformers) are pro-
vided in Table S1 and detailed in the online
documentation.

Comprehensive documentation for the IDPET pack-
age (https://biocomputingup.github.io/EnsembleTools/)
was developed using Sphinx, ensuring accessibility and
clarity. A dedicated demo section was included to illus-
trate the package’s capabilities in analyzing conforma-
tional ensembles of disordered proteins. Several Jupyter
notebooks are also provided in the GitHub repository
(https://github.com/BioComputingUP/EnsembleTools/tree/
main/notebooks), offering examples of how to extract
ensemble properties for diverse systems, including all-
atom, coarse-grained, and multidomain proteins. In addi-
tion, the notebooks provide step-by-step guidance on
loading ensembles into IDPET, comparing ensembles,
and applying dimensionality-reduction techniques to
highlight structural differences.
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3— Discussion

The Protein Ensemble Database: Development, Expansion, and
Methodological Trends

PED was introduced approximately ten years ago with the goal of collecting confor-
mational ensembles of intrinsically disordered and unfolded proteins[88]. The first
release of PED contained 60 conformational ensembles determined using experimen-
tally constrained computational approaches. In this initial release, the experimental
techniques most frequently used to derive conformational ensembles were NMR
spectroscopy and SAXS. From a computational perspective, conformational ensem-
bles have been derived either from MD simulations or from statistical conformer
generators, such as Flexible-meccano[89], followed by ensemble refinement using
reweighting or selection approaches implemented in methods such as ENSEMBLE[90]
or ASTEROIDS[91, 92]. Approximately seven years after the first release, the second
major update of PED was published in 2021, coinciding with the transfer of the
database to the University of Padova[93]. In this version, a new submission service
was introduced for the first time to ensure data quality through a combination of
automated validation pipelines and manual curation steps. Moreover, new fields were
added to each entry, including cross-references to other databases such as BMRB[94],
SASBDB[95] and DisProt[74]. Most notably, this release expanded the number of
experimentally defined ensembles from 60 to 215. Moreover, ensembles derived from
multiple experimental restraints were more prevalent in this release. For instance,
Gomes et al. deposited conformational ensembles for the Sicl protein defined through
the integration of three different experimental techniques, including NMR, SAXS,
and smFRET[96].

Finally, the latest update of PED was released in 2024[80], to which I contributed as
part of my PhD work. In this update, the PED deposition service was substantially
improved, not only at the UI/UX front-end level but also at the back-end. Specifically,
the deposition pipeline was integrated with DRMAAtic[97], which acts as a mediator
between the deposition service and high-performance computing (HPC) clusters to
coordinate and automate multiple tasks, such as the execution of validation pipelines
required during the deposition process. In addition, the deposition service was con-
nected to the ORCID system to improve contributor identification and attribution.
Another major update in this release was the integration of NMR-derived ensembles
containing substantial disordered regions from the PDB into PED. To achieve this,
we performed a systematic search in MobiDBJ[75], using the mobility feature[98] as a
key filtering criterion, and subsequently deposited the selected NMR ensembles into
PED following manual inspection.

Another novel aspect of this update was the integration of conformational ensembles
generated using machine-learning and data-driven approaches, including idpGAN[99]
and the IDPConformerGenerator (IDPCG)[100]. In total, 14 ensembles generated
with IDPCG and 47 ensembles generated with idpGAN were deposited, demonstrat-
ing the capability of such methods to produce conformational ensembles of IDPs
without the direct use of experimental data. The accuracy of these ensembles with
respect to experimental data sould be further evaluated whenever the experimental
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data is available. For example, the accuracy of different ensembles for a-synuclein
showing that the ensembles generated with IDPCG (PED00426) and a99SB-disp
force field (PEDO00545) are in good agreement with the experimental SAXS data.
The details of this evaluation are provided in figure 11.

Currently, the number of experimentally derived ensembles in PED has increased
to 628. While NMR and SAXS remain the most commonly used experimental
techniques for the determination of conformational ensembles, the growing use of
smFRET represents a notable emerging trend in recent PED entries. Moreover,
the recurrent combination of SAXS, NMR, and smFRET highlights the importance
of integrating multiple sources of information to obtain more reliable structural
ensembles of IDPs[80].

Lastly, in addition to integrating multiple sources of experimental data, advances
on the computational side, particularly the development of force fields specifically
designed and optimized for IDPs, have played a significant role in determining more
accurate conformational ensembles. A representative example is the recent deposition
of 15 ensembles by Borthakur et al.[101], in which three different force fields optimized
for IDPs were combined with experimental data from NMR and SAXS to determine
conformational ensembles for five different IDPs. These ensembles are available in
PED under accession numbers PED00531 to PED00545.

Scalable Deposition and Integration of Predicted Conformational
Ensembles:

While the primary focus of PED has traditionally been the storage and annotation
of experimentally derived conformational ensembles, recent advances in artificial
intelligence—based methods[78, 102, 99, 103, 104, 105] have introduced computational
techniques capable of learning the conformational behavior of IDPs from data
derived from molecular dynamics simulations and experimental measurements. These
approaches can subsequently be used to generate conformational ensembles for
large sets of proteins at scale. To accommodate this development within PED, I
implemented a batch deposition pipeline that enables the automated submission of
large numbers of ensembles. From a back-end perspective, this pipeline leverages
DRMA Atic to maximize the use of available HPC resources by distributing multiple
jobs, including validation pipelines, while using the PED deposition APIs to insert
and manage the associated information for each ensemble.

To demonstrate the capability of this pipeline, we collaborated with Prof. Julie
Forman-Kay’s laboratory to deposit a large-scale dataset comprising conformational
ensembles for approximately 7,000 human proteins, generated using an Al-based
method|[78], into PED. All ensembles within this category are accessible by searching
for the “AlphaFlex” tag in PED. It should be noted that, since these ensembles are
not explicitly compared with experimental data, any mechanistic interpretation or
analysis of their ensemble properties should be made with caution.

In another collaboration with the UniProt[106] consortium, PED entries were linked
to the corresponding UniProt entries for proteins for which conformational ensembles
are available in PED. This integration allows users, in addition to accessing predicted
structures from AlphaFold[107] and experimentally derived structures from the PDB,
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to directly identify and explore available conformational ensemble data through
UniProt when such data are present in PED.

Next steps and future perspective of PED:

As the PED continues to grow in size, scope, and methodological diversity, a key
challenge for its future development is to ensure clarity, interpretability, and usability
of the deposited ensemble data. In particular, the increasing coexistence of experi-
mentally derived and purely predicted conformational ensembles highlights the need
for clearer separation, annotation, and downstream support for different ensemble
types. Addressing these challenges is essential for maintaining PED as a reliable and
scientifically meaningful resource for the community.

A first important future direction is the explicit distinction between experimentally
derived ensembles and predicted ensembles within the PED framework. While both
ensemble types are valuable, they differ fundamentally in terms of data provenance,
validation, and appropriate use cases. Experimentally derived ensembles are con-
strained directly by experimental measurements and therefore support mechanistic
interpretation within the limits of the underlying data. In contrast, predicted ensem-
bles, particularly those generated using machine-learning—based approaches, are not
necessarily validated against experimental observables and should primarily be viewed
as hypotheses or exploratory representations of conformational behavior. Providing
clearly separated sections or standardized labels for these two ensemble categories
would help users immediately assess the level of experimental support and avoid
inappropriate interpretation. Such a distinction would also facilitate benchmarking
studies and method comparisons by enabling systematic filtering based on ensemble
origin.

A second major perspective concerns the analysis and visualization of ensemble
properties. At present, PED primarily serves as a repository for storing ensemble
coordinates and associated metadata. While this is a necessary foundation, the
increasing volume and complexity of ensemble data call for richer, standardized
ways to summarize and compare ensemble properties directly within the database.
Integrating ensemble-level descriptors, such as global properties, flexibility profiles,
and inter-residue distance statistics, would substantially enhance the interpretability
of PED entries, particularly for users who are not specialists in ensemble modeling.
In this context, the ensemble analysis framework developed in this thesis (IDPET) (66)
provides a basis for future extensions of PED. IDPET enables systematic extraction
of global and local ensemble properties, quantitative comparison between ensembles,
and statistically grounded assessment of ensemble similarity. Incorporating selected
IDPET-derived descriptors into PED would allow users to explore ensemble behavior
without downloading and post-processing large coordinate sets, thereby lowering the
barrier to ensemble-based analysis. Such integration would also promote consistency
across studies by encouraging the use of standardized metrics and representations.
Beyond static descriptors, interactive visualization tools represent another promising
avenue for development. Visual summaries of ensemble dimensions, residue-resolved
flexibility, or distance distributions could provide intuitive entry points into complex
ensemble data, complementing traditional coordinate-based visualization. Impor-
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tantly, these tools should be designed to emphasize ensemble distributions rather than
representative conformers, reinforcing the ensemble-centric perspective that underlies
PED. Another important direction for the future development of PED is the inclusion
of quantitative fitting scores reporting the agreement between deposited ensembles
and available experimental data. Whenever possible, PED could provide standardized
metrics indicating how well an ensemble reproduces experimental observables. Such
scores would allow users to quickly assess the experimental consistency of an ensemble
and facilitate comparison between alternative models of the same protein.

An illustrative example is a-synuclein, for which multiple ensembles are available in
PED (PEDO00426, PED00477, PED00543, PED00544, and PED00545). Although
these entries correspond to the same protein, they were generated using differ-
ent approaches: PED00426 using IDPConformerGenerator [100] biased by chem-
ical shift data, PED00477 using the idpGAN [99] machine-learning model, and
PED00543-PED00545 using molecular dynamics simulations with different force
fields (C36m, C22, and a99SB-disp) [101]. When evaluated against experimental
SAXS data, the agreement of these ensembles differs substantially. In a simple
comparison using unweighted ensembles, PED00426 shows the best agreement with
the experimental SAXS profile, whereas the ensemble generated with the C22 force
field shows the poorest agreement.

Providing such fitting metrics directly within PED entries would help users assess
how well different ensembles reflect experimental data and would strengthen PED’s
role as a platform for comparative evaluation of ensemble quality.

92



C36 IDPGAN IDPCG

SAXS Profile Fit: Pool Average vs Experimental SAXS Profile Fit: Pool Average vs Experimental SAXS Profile Fit: Pool Average vs Experimental
X* (reduced) = 182.1072 | 2998 conformers (equal- t average) X (reduced) = 49.9910 | 1000 q average) X* (reduced) = 4.3084 | 1000 q ight average)

— Pool Average (equal weight)
ker) = 0.500 A

@
i Experimental i Experimental

a)
a)
a)

a (A q (A q (A

Residuals Residuals Residuals

I\

(I_exp - I_calc) / o
(ILexp - I_calc) / o

ISV

Normalized Residuals
(ILexp - 1calc) /o
Normalized Residuals
Normalized Residuals

20
0000 0025 0050 0075 0100 0425 0150 0175 0200 0000 0025 0050 0075 0100  o0i2s 0150 0175 0200 0000 0025 0050 0075 0100 0125 010 0175 0200
a (A a (A a (A1)

c22 a99SB-disp

SAXS Profile Fit: Pool Average vs Experimental SAXS Profile Fit: Pool Average vs Experimental
X? (reduced) = 248.4543 | 2998 conformers (equal-weight average) ¥* (reduced) = 9.7701 | 2098 qual-weight average)

— Pool Average (equal weight) ._ — Pool Average (equal weight)
a_max (fimaker) = 0.500 A~ a_max (fimaker) = 0.500 A~
i Experimental i Experimental

a)

a (A a (A

Residuals Residuals

000 o025 o0 0675 ol olzs  od0 0175 0200 00 o0z 000 0075 oloo 01z 0is0  olis 0300
a (A a (A

Figure 11: Experimental SAXS profiles are compared with ensemble-averaged scatter-
ing curves calculated from five ensembles generated using different approaches: C36m
molecular dynamics (PED00543), idpGAN (PED00477), IDPConformerGenerator
with chemical-shift bias (PED00426), C22 molecular dynamics (PED00544), and
a99SB-disp molecular dynamics (PED00545). Reduced x? values and residuals show
substantial differences in agreement with the experimental data, with the IDPCon-
formerGenerator ensemble exhibiting the best fit and the C22 force field ensemble

the poorest agreement.

Toward a Unified Framework for Determining Conformational En-
sembles:

Four years ago, when I began my master’s thesis on studying IDPs, I sought to un-
derstand how conformational ensembles of IDPs are determined in practice. Through
an extensive review of the literature, it became evident that different studies relied
on substantially different experimental, computational, and integrative approaches.
It was at this stage that I identified a clear gap in the field: despite the widespread
use of conformational ensembles, there was no unified framework describing how
such ensembles should be generated, constrained, validated, and interpreted. This is
particularly important for researchers who are new to the field, as it provides a global
overview of the different ways in which conformational ensembles are determined.
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Moreover, the availability of a standardized framework can promote the generation of
more reliable ensembles by explicitly accounting for experimental and computational
uncertainties, reducing the risk of overfitting to experimental data, providing a basis
for benchmarking practices, and ultimately facilitating the development of more
robust machine-learning—based ensemble generators.

After starting my PhD, I had the opportunity to participate in the MLANGP (Machine
Learning for Non-Globular Proteins) workshop on structural ensembles of intrinsically
disordered proteins, held in Prague (https://ml4ngp.eu/workshop-prague/). This
workshop brought together researchers from diverse experimental and computational
backgrounds to discuss the challenges associated with determining conformational
ensembles of IDPs and to advocate for the development of a unified framework in
this area. These discussions, together with insights from the literature, motivated
the formulation of a unified framework that can be decomposed into a set of core
conceptual and methodological components.

Summary of the major components of the ensemble determination
framework:

As described comprehensively in chapter 2 [62], the major components of the frame-
work can be summarized as follows: 1- experimental methods, 2- computational
generation and 3- validation and comparison. In the following, I provide a brief
discussion of each component of the framework.

1. Experimental methods: The experimental characterization of IDPs
differs fundamentally from that of globular proteins. Owing to the
highly dynamic and heterogeneous nature of IDPs, techniques such as
X-ray crystallography are generally not suitable, as they rely on the
formation of stable crystals and typically capture a single, ordered con-
formation. Instead, the study of IDPs requires experimental methods
that operate in solution and are capable of reporting on conformational
heterogeneity. Moreover, most experimental methods provide an aver-
age and sparse information on the dynamics of IDPs conformational
ensemble.

Within this module, NMR, SAXS, and smFRET are identified as the pri-
mary experimental techniques for the characterization of IDP ensembles,
while other methods such as circular dichroism (CD) and hydrogen—
deuterium exchange mass spectrometry (HDX-MS) are considered
complementary. It is also emphasized that each technique provides
information on distinct aspects of IDP ensembles. For example, NMR
offers residue-level information, including transient secondary structure
propensities and local dynamics; smFRET reports on intramolecular
distance distributions; and SAXS captures global ensemble properties
such as overall dimensions and the radius of gyration.

Ultimately, the experimental observables obtained from these tech-
niques, together with their associated uncertainties, define the con-
straints that guide ensemble determination. Rather than directly speci-
fying unique structures, these measurements provide ensemble-averaged
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or distribution-based information that must be interpreted within an
appropriate modeling framework. Recognizing the intrinsic limitations
and uncertainty ranges of each experimental method is therefore es-
sential to avoid overfitting and overinterpretation. Within the unified
framework, experimental data are treated as probabilistic constraints
that inform ensemble generation and refinement, highlighting the need
for integrative approaches that combine complementary techniques to
achieve a more complete and reliable description of IDP ensembles.
Computational generation: As highlighted in the previous section,
computational techniques are essential for deconvoluting experimentally
measured, ensemble-averaged observables into explicit conformational
ensembles. Within the unified framework, this module can be divided
into two components: (a) ensemble generation methods and (b) experi-
mental data integration methods. Ensemble generation methods aim
to sample the conformational space accessible to an IDP in the absence
of, or prior to, experimental constraints. These approaches define the
initial conformational pool, or prior, from which ensembles are subse-
quently refined. Common strategies include physics-based molecular
dynamics simulations using all-atom or coarse-grained force fields, as
well as statistical conformer generators that produce large pools of struc-
tures based on backbone torsion angle libraries and sequence-dependent
propensities. More recently, data-driven and machine-learning—based
methods have been introduced to generate ensembles by learning statis-
tical features of IDP conformational behavior from simulation data or
curated structural datasets. While these approaches differ substantially
in resolution, computational cost, and underlying assumptions, they
all serve the same conceptual role within the framework: defining a
plausible and sufficiently diverse representation of the conformational
landscape.

The second component, experimental data integration, addresses the
incorporation of experimental observables into the generated confor-
mational pool to obtain ensembles that are consistent with measured
data. Because experimental techniques report on averages or distribu-
tions rather than on individual structures, this step typically involves
reweighting, selection, or refinement procedures. Two broad classes
of approaches are commonly distinguished. Maximum-entropy—based
methods adjust ensemble weights to minimally perturb the prior dis-
tribution while enforcing agreement with experimental observables,
thereby preserving ensemble diversity. In contrast, maximum-parsimony
or selection-based approaches identify a reduced subset of conformers
that best reproduces the data, often at the cost of reduced heterogene-
ity. Each strategy entails different trade-offs between interpretability,
diversity, and sensitivity to noise, and their suitability depends on the
nature and amount of available experimental data.

Importantly, the unified framework emphasizes that ensemble genera-
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tion and data integration are conceptually distinct but tightly coupled
steps. The properties of the final ensemble depend not only on the
experimental data but also on the characteristics of the initial confor-
mational pool and on the assumptions embedded in the integration
method. Explicitly separating these two stages clarifies methodological
choices, facilitates reproducibility, and enables meaningful comparison
between different ensemble-determination strategies. This modular
view also provides a foundation for the validation and comparison
procedures discussed in the next section.

Comparison and Validation: Validation and comparison constitute
a critical component of the unified framework for determining conforma-
tional ensembles of IDPs. Given the intrinsic heterogeneity of ensemble
representations, multiple distinct ensembles can often reproduce the
same set of experimental observables within uncertainty. Validation
therefore cannot be understood as the identification of a single “cor-
rect” ensemble, but rather as the assessment of whether an ensemble is
consistent with available data, physically plausible, and robust with
respect to methodological choices. A key principle of the framework is
the distinction between fitting and validation. Agreement with the ex-
perimental data used to generate or refine an ensemble is necessary but
not sufficient to establish its reliability. Whenever possible, ensembles
should be evaluated against independent experimental observables that
were not employed during the refinement process. Such cross-validation
provides a more robust test of predictive power and reduces the risk
of overfitting to a limited or noisy dataset[96]. Explicit consideration
of experimental uncertainties and forward-model errors is essential in
this context, as overinterpretations can arise when uncertainties are
underestimated or ignored[108].

Beyond validation against experimental data, consistency with physical
principles represent additional evaluation criteria. Ensembles should
be assessed for artifacts arising from force-field biases, sterical clashes,
insufficient sampling, or overly restrictive refinement procedures. Anal-
ysis of ensemble diversity, population distributions, and sensitivity to
perturbations, such as changes in input data, weighting schemes, or
integration parameters[109], can reveal whether an ensemble is robust
or dominated by a small number of conformations. These analyses
are particularly important for IDPs, where excessive collapse or artifi-
cial structuring may reflect methodological bias rather than genuine
biophysical behavior.

Comparison between ensembles is another essential element of the
framework, especially as the number of available ensemble models
continues to grow. Quantitative comparison enables assessment of
how different experimental inputs, computational priors, or integration
strategies influence ensemble properties. Rather than relying on single
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structural descriptors, ensemble comparison should be performed using
distribution-based metrics that capture both global and local features,
such as distance distributions, secondary structure propensities, or
measures of conformational heterogeneity. Divergence-based measures
and statistical distances provide a robust way to compare ensembles
while accounting for their intrinsic variability[70].

Importantly, validation and comparison are not end points but iterative
components of ensemble determination. Insights gained from validation
may motivate refinement of experimental strategies, adjustments to
computational models, or reconsideration of integration assumptions.
Within the unified framework, this iterative process promotes trans-
parency and reproducibility by making explicit which aspects of an
ensemble are well supported by data and which remain uncertain. By
treating validation and comparison as main components rather than
post hoc checks, the framework provides a structured and reliable
approach for interpreting conformational ensembles of IDPs.

The importance of benchmarking of conformational ensembles of
IDPs as the next step:

As part of the work presented in Chapter 2, we also emphasized the importance of
benchmarking ensemble generation methods. In particular, following the emergence
of machine-learning—based techniques, it has become increasingly important to
establish comprehensive and unbiased benchmarking strategies to critically assess
conformational ensembles against diverse types of experimental data.

In this context, we proposed the IDP Ensemble Benchmarking Challenge (IDP-Bench)
as a conceptual and practical response to the current lack of standardized evaluation
procedures. The central message of this initiative is that ensemble quality cannot be
judged using a single observable or method-specific criterion. Instead, meaningful
benchmarking must be community-driven, method-agnostic, and explicitly designed
to assess agreement across multiple experimental modalities and length scales[110].
By drawing inspiration from successful community assessments in related fields, like
CASP (critical assessment of protein structure prediction)[111], IDP-Bench highlights
the value of blind evaluation, transparent scoring protocols, and publicly accessible
results as essential elements for fair comparison.

More broadly, the IDP-Bench concept underscores a shift in how ensemble prediction
methods should be evaluated. Rather than ranking approaches based on their ability
to reproduce a limited subset of experimental data, benchmarking should focus on
robustness, generalization, and consistency across independent observables. This
is particularly critical for machine-learning—based ensemble generators, which may
achieve excellent agreement with training data while failing to capture physically
meaningful conformational behavior outside their training set. A structured bench-
marking framework therefore serves not only as a means of comparison but also as a
diagnostic tool to identify methodological biases and limitations.

Ultimately, the discussion around IDP-Bench reflects a broader need in the field: to
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move from ad hoc validation toward systematic, reproducible assessment of ensemble
models. Establishing such benchmarks will be essential for building confidence in
ensemble-based representations, guiding methodological development, and ensuring
that advances in computational modeling translate into biologically meaningful
insight.

The key important steps for future of modeling of conformational
ensembles of IDPs:

The future progress of conformational ensemble modeling for IDPs will depend on
addressing several interconnected challenges that extend beyond the development
of individual methods. Progress in ensemble modeling critically depends on recog-
nizing uncertainty, dynamical behavior, and methodological choice as fundamental
components of the modeling process, rather than as secondary concerns.

A critical step forward is the explicit incorporation of uncertainty quantification
into all stages of ensemble determination. As highlighted in this work, ensemble
models are influenced not only by experimental noise but also by forward-model
inaccuracies and modeling assumptions. Without a rigorous treatment of these
uncertainties, apparent agreement with experimental data may reflect overfitting
rather than genuine physical insight. Embedding uncertainty-aware evaluation,
through variance propagation, cross-validation, and probabilistic scoring, provides a
more realistic assessment of ensemble quality and enables fair comparison between
fundamentally different modeling strategies. In this context, uncertainty-aware
benchmarking frameworks, such as those envisioned within IDP-Bench, represent an
essential foundation for future method development.

Beyond equilibrium descriptions, an important frontier for the field lies in capturing
the dynamic and non-equilibrium behavior of IDPs. Many IDPs operate through
transient conformational switching, kinetic regulation, and time-dependent inter-
actions that are not adequately described by static equilibrium ensembles. While
experimental access to such dynamics has historically been limited, emerging time-
resolved techniques are beginning to provide constraints on the temporal evolution
of IDP conformations. Integrating these data with modeling approaches rooted in
statistical mechanics, such as maximum entropy and maximum caliber frameworks,
offers a promising route toward dynamic ensemble representations that more closely
reflect biological function. Advancing this direction will require conceptual shifts in
how ensembles are defined, validated, and interpreted, moving from purely structural
descriptions toward time-resolved, process-oriented models.

A representative example is the coupled folding and binding of the intrinsically
disordered ACTR domain to NCBD, where time-resolved experiments have shown
that binding does not proceed as a simple direct transition from an unbound ensemble
to a fully folded complex. Instead, the interaction involves a transient encounter
complex and microsecond transition-path dynamics, revealing that intermediate
states along the binding pathway can play an important mechanistic role [112, 113].
In such systems, modeling must account not only for the structural properties of
the initial and final states, but also for the rates of interconversion, the lifetimes of
intermediates, and the possibility of parallel pathways or kinetic heterogeneity [114].
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These features are difficult to validate because models that agree with the same
equilibrium-averaged observables may still imply very different dynamic mechanisms
or timescales[115] .

Another key step for the field is the development of clear and pragmatic guidelines
for method selection. The rapid expansion of available computational tools, ranging
from physics-based simulations to machine-learning—driven generators, has created
both opportunities and confusion, particularly for non-expert users. Progress will
therefore depend not only on improving individual methods but also on providing
structured guidance that links experimental data types, biological questions, and
computational constraints to appropriate modeling strategies. Such guidance helps
prevent misuse of methods, reduces redundant effort, and promotes more consistent
interpretation of ensemble results across studies.

Importantly, these future directions are tightly interdependent. Robust uncertainty
handling enables meaningful benchmarking; benchmarking clarifies method strengths
and limitations; dynamic modeling challenges current validation practices; and
method-selection guidelines depend on transparent performance assessments. Ad-
dressing these aspects in isolation is unlikely to yield lasting progress. Instead,
advancing the field will require coordinated efforts that integrate uncertainty-aware
modeling, dynamic ensemble representations, standardized benchmarking, and user-
oriented decision frameworks within a coherent methodological ecosystem.

In summary, the next phase of IDP ensemble modeling will be defined less by the
introduction of individual new methods and more by the maturation of the field
toward rigor, transparency, and integration. By explicitly accounting for uncertainty,
embracing dynamics, and guiding method selection through standardized frameworks,
the community can move toward ensemble models that are not only computationally
sophisticated but also biologically interpretable and reproducible.

Review of recent state-of-the-art methods for determining conforma-
tional ensembles:

In parallel with the development of the unified framework, and motivated by the
breadth and fragmentation of the existing literature, we conducted a comprehensive
review of recent advances in conformational ensemble determination. This review
was informed by an extensive survey of experimental, computational, and integrative
approaches, and it was explicitly structured around the core components of the
framework described above. By organizing the literature according to experimental
methods, ensemble generation strategies, and validation and comparison procedures,
the review provides a coherent overview of the current state of the art and highlights
emerging trends, methodological strengths, and remaining challenges in the field.

Computational Methods for the Analysis of Conformational Ensem-
bles:

The rapid expansion of experimentally derived and computationally predicted con-
formational ensembles has shifted a major bottleneck in IDP research from ensemble
generation to ensemble interpretation. While the availability of ensembles has in-
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creased substantially through advances in integrative modeling, machine learning,
and large-scale prediction efforts, the lack of standardized and accessible analytical
frameworks has limited the ability to extract comparable, reproducible, and biologi-
cally meaningful insights from these datasets. This challenge is particularly critical
for IDPs, whose ensembles are inherently heterogeneous, often low-resolution, and
sensitive to both modeling protocols and environmental context.

Traditional MD analysis libraries, such as MDTraj[116] and MDAnalysis[117], pro-
vide powerful and general tools for trajectory handling and structural analysis, but
they were primarily developed for folded proteins and long MD simulations. As
a result, they do not directly address several central challenges of ensemble-based
IDP analysis: comparison between independently generated ensembles, analysis
across heterogeneous resolutions (all-atom vs coarse-grained), and quantification
of ensemble similarity in a statistically meaningful way. Moreover, many existing
analysis workflows implicitly assume a single reference structure or a dominant basin,
assumptions that are not valid for most disordered systems.

In response to these limitations, the work presented in this thesis introduces IDPET
(Intrinsically Disordered Protein Ensemble Tools) as a dedicated computational
framework for the systematic analysis of conformational ensembles of disordered
proteins[66]. Rather than focusing on trajectory-centric analysis, IDPET adopts an
ensemble-centric perspective, treating each ensemble as a statistical object whose
properties emerge from distributions of conformations rather than from individual
structures. This design choice aligns directly with the sequence—ensemble—function
paradigm discussed in earlier chapters and provides a consistent computational
counterpart to ensemble-focused databases such as the PED.

A central contribution of IDPET is the unification of global, local, and comparative
analyses within a single, reproducible framework. At the global level, IDPET en-
ables extraction of ensemble-averaged and distributional properties such as radius of
gyration, end-to-end distance, asphericity, solvent-accessible surface area, and appar-
ent scaling exponent. These descriptors provide a coarse-grained view of ensemble
compactness and shape, facilitating comparisons across conditions, sequences, or
modeling strategies. At the local level, IDPET computes residue-resolved features,
including backbone dihedral distributions, transient secondary structure propensi-
ties, and flexibility indices, allowing direct mapping of ensemble heterogeneity onto
sequence position.

Beyond feature extraction, a key methodological advance lies in the quantitative
comparison of ensembles. IDPET implements multiple ensemble similarity metrics
based on Jensen—Shannon divergence, applied to different structural representations,
including inter-residue distance distributions, backbone dihedral angles, and coarse-
grained torsional descriptors. This multi-resolution approach enables discrimination
between ensembles that may appear similar at the level of global averages but differ
substantially in local conformational preferences. Importantly, the inclusion of boot-
strapping procedures allows statistical assessment of inter-ensemble differences even
for ensembles with limited sample sizes, addressing a common practical limitation in
IDP studies.

Dimensionality reduction and clustering constitute another critical component of
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ensemble analysis, particularly for visualizing high-dimensional conformational spaces.
IDPET integrates several commonly used linear and nonlinear techniques, including
PCA, t-SNE[118], and UMAP[119], while explicitly exposing the dependence of
results on feature choice and parameterization. By supporting multiple structural
representations as input, the framework enables users to evaluate how different
descriptors emphasize global versus local variability, an aspect that is especially
important for disordered systems where no single coordinate system is universally
optimal.

From a broader perspective, IDPET is designed to function not as an isolated analysis
tool, but as a computational layer within an ecosystem of ensemble-based resources.
Its direct integration with PED through programmatic access allows users to retrieve
deposited ensembles and immediately apply standardized analyses, closing the loop
between data deposition and data interpretation. This tight coupling between infras-
tructure and analysis reflects a central theme of this thesis: ensemble-based protein
science requires coordinated development across data representation, computational
workflows, and analytical methodologies.

Despite these advances, several challenges remain. Ensemble-derived descriptors are
unavoidably influenced by the underlying generation protocol, force field, or experi-
mental restraints, complicating direct biological interpretation. Feature selection for
dimensionality reduction and similarity analysis remains non-trivial, and different
metrics may emphasize distinct aspects of conformational behavior. Furthermore,
current ensemble comparison approaches largely rely on pairwise distributional met-
rics, which may not fully capture higher-order correlations or collective motions.
Addressing these limitations will require continued methodological development,
including integration of sequence-derived descriptors, improved statistical models,
and closer coupling between ensemble analysis and functional annotation.

In summary, the computational methods developed and applied in this thesis provide
a structured and extensible framework for analyzing conformational ensembles of
IDPs. By shifting the focus from individual structures to ensemble-level proper-
ties and by enabling statistically grounded comparisons across datasets, these tools
support the transition toward a mature sequence—ensemble—function paradigm. To-
gether with the infrastructure and ensemble-determination frameworks discussed in
previous sections, they contribute to a coherent methodological foundation for future
large-scale and integrative studies of protein conformational heterogeneity.

4— Conclusion

This thesis has addressed an important challenge in modern protein science: how
to represent, determine, analyse, and share the structural behaviour of proteins
whose biological function does not arise from a single stable structure, but from
conformational heterogeneity. With a particular focus on IDPs and conformationally
dynamic systems, this work contributes to the ongoing shift from static, structure-
centred descriptions toward ensemble-based representations of protein behaviour.

At a conceptual level, the thesis supports and further develops the sequence—ensemble—
function paradigm. Instead of treating conformational heterogeneity as a limitation,
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this framework recognises conformational ensembles as the most appropriate physical
description for many protein systems. Throughout the thesis, this perspective has
been used to describe both folded and disordered proteins within a unified framework,
emphasising that biological function often depends on population distributions,
dynamic fluctuations, and context-dependent changes in conformational states, rather
than on a single dominant structure.

At the infrastructural level, this thesis has contributed to improving the resources
required to support ensemble-based protein science. In particular, the work on
the PED has strengthened its role as a dedicated repository for conformational
ensembles, through improvements in deposition workflows, validation pipelines,
metadata organisation, and large-scale integration strategies. The integration of
DRMA Atic as a backend workflow manager further enables scalable and reproducible
processing of ensemble data on heterogeneous computing infrastructures. Together,
these developments address key limitations of traditional structural databases when
applied to intrinsically disordered and flexible proteins.

At the methodological level, this thesis has contributed to clarifying how conforma-
tional ensembles are determined in practice. By proposing a unified framework that
separates experimental characterisation, computational generation, and validation
and comparison, this work provides a clear and structured view of ensemble deter-
mination strategies. The framework highlights common principles across different
approaches, makes methodological assumptions explicit, and treats uncertainty and
heterogeneity as intrinsic aspects of ensemble modelling. This perspective supports
reproducibility, facilitates benchmarking, and provides guidance for method selection,
especially in the context of emerging machine-learning-based ensemble generation
methods.

At the level of data analysis, the development of IDPET addresses a major limitation
in current ensemble-based studies, namely the lack of standardised tools for ensemble-
level analysis and comparison. By treating conformational ensembles as statistical
objects rather than as collections of representative structures, IDPET enables robust
analysis of global and local ensemble properties, quantitative comparison between
independently generated ensembles, and statistically meaningful assessment of en-
semble similarity. The integration of these tools with PED further connects ensemble
deposition with ensemble interpretation, reinforcing the importance of analysis as a
core component of ensemble infrastructure.

More broadly, this thesis highlights the need for uncertainty-aware modelling, inde-
pendent validation, and community-driven benchmarking as essential steps for the
future development of ensemble-based protein modelling. As ensemble prediction
methods continue to increase in scale and complexity, systematic evaluation of ro-
bustness, generalisation, and physical plausibility will become increasingly important.
Initiatives such as the proposed IDP Ensemble Benchmarking Challenge reflect this
need and provide a possible route toward transparent and reproducible assessment
practices.

In conclusion, this thesis advances ensemble-based protein science through coordi-
nated contributions to infrastructure, methodology, and computational analysis. By
promoting standardisation, transparency, and reproducibility, the work supports a
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more rigorous and interpretable use of conformational ensembles in both fundamental
research and applied contexts, including drug discovery. Overall, the results presented
here aim to facilitate broader adoption of the sequence-ensemble—function paradigm
as a practical framework for understanding protein behaviour in its dynamic and
heterogeneous nature.
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Figure 1. Database schema of DRMAAtic with all the models represented as rectangles,
with a list of their fields. Arrows indicate the relation between two models, the label on the
arrow is the foreign key that is used for the relation.
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A B

Request Response
POST /job HTTP/1.1 HTTP/1.1 200 OK
Host: drmaatic-example.com Date: Wed, 03 Apr 2024 14:40:37 GMT
Content-Type: application/json Content-Type: application/json
Content-Length: [length] Content-Length: [length]
"task_name": "wait_task", "uuid": "d8f3e7ea-91b5-4848-af91-fd4378bfe6f2",
“job_description”: “wait task example” "task": "wait_task",
"parent_job": "c796003d-7150-461d-b2ebdae7ac76", "depends_on": [
"dependencies": [ “c796003d-7150-461d-b2ebdae7ac76”
"c796003d-7150-461d-b2ebdae7ac76" 1,
5 "dependency_type": "afterok",
“depencency_type”: “afterok”, "status": "job 1is queued and active",
“wait_time”: “10” "creation_date": "2024-04-03T14:39:09.785085+02:00",
} "params": [
"name": "wait_time",
"value": "10"
s
]
}

Figure 2. Example of job submission with a POST method, where the user wants to
execute the wait_task that has a parent_job which also depends on, meaning that it will be
executed in the same execution directory of the parent and only if the parent job will
complete without any errors. The wait_time is a parameter for this specific task, that will be
passed and used by the task script. In panel (A) is the request made from the client, in panel
(B) the response with the information about the job.

- &)  DRMAAtic

Authorization

i Authentication ;
Ch.ent provider provider

. 1. performlogin  : :

' 2. access token in URI ! :

: 3. access token in header R

: 3 4. verify token :

: ! 4. user data if verified %

: i 5. create/retrieve

L 6. signed JWT with user data s‘_mternal ]
loop : d

: 7. request with JWT in header R

s : =

: : v 8. verify JWT

P 9. response :

Figure 3. Scheme of the Oauth 2.0 implicit flow integrated in DRMAAtic with a JWT as
authorization token. The authentication provider in this first implementation is the ORCID
platform. URI: Uniform resource identifier.
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CPU tokens \ /;cpu token are
refilled at certain consumed for
rate each job

Bucket size = capacity
Figure 4. Scheme of how the CPU token bucket throttling algorithm works. To each user,
identified by their IP address or authentication, a fixed number of CPU tokens is assigned.
To each task there is a number of required tokens that need to be consumed upon job
submission. If there are not enough tokens, the request is throttled. The bucket has a
maximum size that gets replenished at a fixed rate.

Add task

Name: Command:

Required tokens: 1

Queue: | —m— Vv » CPUs pertask: 1 Memory per task (MB): 256
[ Is output public
max clock time: 3 hours

Groups: | super

anonymous
registered
Hold down “Control”, or “Command” on a Mac, to select more than one.
(O Isarray Beginindex: End index: Step index:
PARAMETERS
NAME FLAG TYPE DEFAULT DESCRIPTION PRIVATE REQUIRED DELETE?

String v O O ©

< Add another Parameter

Save and add another [l Save and continue editing

Figure 5. DRMAAtic Administration Interface: Adding a New Task. The administrator is
prompted to complete the necessary fields (highlighted in bold). Subsequently, a parameter
list can be configured to be passed the command, requiring each parameter to have a
designated name and type. Additionally, if a flag is specified, it will be placed before the
parameter value.
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A Action: | Update DRM status v| Go
O wup TASK STATUS  OUTPUTS
0 da67dd28-1af... task-3 Created out/err/
files

[J e248e159-89c... a5k Done out/err/
files

0 4cbe630d-b82... a4 Done out/err/
files

[0 5d719e01-ece...  task-3 Created out/err/
files

[J e8e3cc5a-c92... task-5 Failed out/err/
files

B Change job
d44f079e-882d-42bb-b3be-d2ae0106acdc - task-3

job description:

Uuid:

Task:

Creation date:

Dependencies:

Dependency type:

0 of 100 selected

DELETED

[}

[}

d44f079e-882d-42bb-b3be-d2ae0106acdc

task-3

March 12, 2024, 12:08 p.m.

CREATION DATE -

March 12, 2024, 2:40 p.m.

March 12,2024, 2:15 p.m.

March 12, 2024, 12:57 p.m.

March 12, 2024, 12:15 p.m.

March 12,2024, 12:15 p.m.

USER

0000-0012-3400-0000

0000-0012-3412-0034

1234-0012-3400-0000

FILTER

~ By task
- By status
. By deleted

creation date

From date i
To date i)
(rese
- By user

C JOB PARAMETERS

PARAM

input_file -1 : input_file.pdb

input_file -i

all_chains -all_chains : true

all_chains —all_chains

all_models ~all_models : true

all_models -all_models

seq_sep-9:3

seq_sep-g

VALUE

input_file.pdb

true

true

Figure 6. Interface for Job Administration: (A) presents a comprehensive list of submitted
jobs, displaying task execution status, current state, outputs, and relevant details, with
available filter options. (B) offers detailed job information, while (C) highlights input
parameter values.
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Appendix B: Towards a unified framework for determi-

nation of conformational ensembles

Supplementary Table 1: Additional experimental techniques used to study IDP
structural features.

Summary of experimental methods that complement classical biophysical approaches for
IDP analysis, including their forward models, information content, level of structural
resolution, and system applicability (e.g., in vitro vs. in cell).

Forward Models
" Structural )
. | Computational . . ) Environment
. Experimental Information interpretation System n Reference
Technique tools / . . (In-vivo /
measurement " content (e.g. residue perturbation |. N database
Theoretical in-vitro / in-cell)
level vs. global)
models
Provides
NeungOSpm Intermediate in f(?rﬁ::t?;f on Internal
scattering Diffusion models dynamics and None required In-vitro N/A
(NSE) X nanosecond to e
function . diffusion
spectroscopy microsecond
timescales
Hydrogen Exposure to the Under
deuterium Kinetics of Under Rate of solvent, local Gas phase, .
. . o ) . development;
exchange mass isotope development; | proton/deuterium stability, heavy water, In-vitro / in-cell
e X ProteomeXchan
spectrometry substitution HDXsimulator exchange hydrogen bond | back exchange A
(HDX-MS) formation 9
Differential Seconda
Circular absorption of left structurg Provides Seconda
dichroism (CD) and right . secondary Y None required In-vitro PCDDB
) prediction structure content
spectroscopy circularly R structure content
X : algorithms
polarized light
Fluorescence . IRETN CNELE Local flexibility, Rotational . L
. Anisotropy or molecular N X L Dye labeling In-vitro/in-cell N/A
anisotropy . Ny rotational motion | correlation time
simulation
Fluorescence Stokes-Einstein .
. Fluorescence Rotational and .
Correlation . . or y Hydrodynamic . L
intensity . X translational " Dye labeling in -vitro/in-cell N/A
Spectroscopy correlation Stokes-Einstein- motion radius
(FCS) Debye
Fourier Provides
Transform Infrared N information on Secondary
R Vibrational . .
Infrared absorption . secondary structure, None required In-vitro N/A
modes analysis N
Spectroscopy spectrum structure and | functional groups
(FTIR) chemical bonds
i Protease
Limited Proteolytic | Provides insights
Proteolysis cleavage ceavage into protein Protein
Y patterns patterns and p ) Protease )
coupled to Mass MS-d bl structure and conformation In-vitro N/A
analyzed by -detectable ) ) treatment
Spectrometry : conformational and dynamics
) mass peptides
(LiP-MS) changes
spectrometry
fa . Provides size
Dynamlc.llght Inten_sny Stokes-Einstein distribution of Hydrodynamic . .
scattering fluctuations of . . . : None required In-vitro N/A
X equation particles in radius
(DLS) scattered light X
solution
Cryogenic Electron . Prowdesv . . In-vitro
Electron : Electron density near-atomic High-resolution .
. scattering . ! Non required (frozen-hydrated EMDB
Microscopy images map modelling resolution structures samples)
(CryoEM) 9 structures P
Laser-THz .
P Electron . - . 5 In-vitro
Emission . THz emission Similar to High-resolution . .
K scattering ¥ Non required (cryogenic N/A
Microscope EEs modelling CryoEM structures T ——
(LTEM)
Electron Absprpuon of . Local
Paramagnetic microwave Spin Hamiltonian Distance environment of
radiation by . distributions, X Spin labeling In-vitro/in-cell N/A
Resonance X analysis X unpaired
unpaired local dynamics
(EPR) electrons
electrons
Provides
Atomic Force . Force high-resolution Surface
. Force-distance R 5 .
Microscopy spectroscopy surface images topography at None required In-vitro N/A
curves -
(AFM) models and mechanical | the nanoscale
properties
Mass Thermal - . Provu.jes Protein stability
Proteome Thermal stability | information on . Temperature .
Spectrometry L y X L and folding In vivo N/A
(MS) Profiling profiles protein stability states changes
(TPP) and interactions
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Supplementary Table 2. Summary of conformational ensemble generation techniques.
Classification of computational strategies for conformational ensemble generation based on
the underlying modeling paradigm (knowledge-based, physics-based, machine learning, or
hybrid), with evaluation of their strengths, limitations, and suitable applications.

Ensemble Method/ Core When to use Strength Limitation
Generation Force field Principle
Strategy
Flexible Meccano' Random coil-based When fast, generic Fast; simple; No statistical
sampling of IDP ensembles are minimal input weights; lacks side
backbone dihedrals | heeded without chains and atomistic
using statistical added data detail
distributions
TraDES? Generates For baseline Very efficient; No statistical
ensembles via comparisons or customizable chain weights; lacks
statistical coil when no structural properties experimental
models and steric data is available integration
filtering
MoMA3? Builds conformers When large-scale Includes full-atom Dynamics are not
using motion exploration with models; physically considered
planning algorithms realistic geometry is | plausible structures
with steric desired
constraints and
possibly
incorporating energy
Knowledge- models
based
IDPConformerGener | Samples torsion When integrating Modular; supports Depends on
ator* angles from sequence and reweighting and fragment quality and
fragment libraries, experimental SAXS/NMR scoring functions
optionally guided by | restraints constraints
restraints
RANCH® Stochastic When modeling Very efficient; No statistical
generation of flexible | large-scale flexibility | compatible with weights; lacks
linkers and IDRs or preparing SAXS SAXS; minimal input | atomistic detail; not
between rigid ensembles required suitable for local
bodies, based on structure prediction
geometric
constraints
DIPEND® Generates When fast backbone | Efficient and Lacks physical
ensembles using ensemble customizable; uses dynamics; relies on
neighbor-dependent | generation is experimental priors; heuristics and
statistical dihedral needed from fast clash resolution rotamer libraries;
angle distributions sequence with and refinement limited to backbone
and structural filters minimal input steps sampling
Amber All-atom force field For simulations of Improved global Computationally
ffO9SBws/ff03ws’ with improved IDPs with balanced dimensions and intensive
water—protein protein-water protein-protein
interactions interactions association
Amber f99SB-disp® Dispersion-corrected | For simulations of Improved global Computationally
all-atom force field IDPs and folded dimensions and intensive
for IDPs and folded proteins transient helicity
proteins
) DES-Amber® All-atom force field For simulations of Improved global Limited to Amber
Physics- with improved IDPs, folded dimensions, ecosystem
based description of proteins, and transient helicity,
protein-protein protein-protein and protein-protein
complexes complexes complexes
REMD™ Parallel simulations To improve Better sampling of Requires many
at different conformational rare conformers replicas; costly

temperatures for
enhanced sampling

sampling in rugged
energy landscapes

Metadynamics™

Biases applied to
accelerate rare
event sampling

When slow
transitions hinder
sampling of

Efficient barrier
crossing

Choice of the
collective variables
may affect efficiency
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conformers

ABSINTH"™ Implicit-solvent Fast all-atom Efficient; all-atom Lacks explicit
all-atom force field modeling of long resolution solvent detail
for IDPs IDPs

MARTINI™ Widely used For large-scale or Scalable to large Simplified
coarse-grained membrane-associat | complexes interactions
model for large ed systems
biomolecular
systems

Mpipi' Implicit-solvent Fast and Efficient; accurate Residue-level

coarse-grained force
field for IDPs;
bottom-up and
top-down
parameterization

sequence-dependen
t modeling of IDPs

predictions of IDP
compaction

resolution; does not
capture transient

secondary structure
or hydrogen bonding

CALVADOS''6

Implicit-solvent
coarse-grained force
field for IDPs and

Fast and
sequence-dependen
t modeling of IDPs

Efficient; accurate
predictions of IDP
compaction

Residue-level
resolution; does not
capture transient

multi-domain and multi-domain secondary structure
proteins; top-down proteins or hydrogen bonding
parameterization.

HPS'" Implicit-solvent Fast and Efficient; captures Residue-level
coarse-grained force | sequence-dependen | trends in IDP resolution; does not
field for IDPs and t modeling of IDPs compaction capture transient
multi-domain secondary structure
proteins; bottom-up or hydrogen
parameterization bonding; may

overestimate IDP
compaction

idpGAN™® GAN trained on When need rapid Captures realistic Limited to patterns
CG-MD generated ensemble ensemble diversity; learned; learns
ensembles to generation scalable fromCG training
generate new data; Ca-only
conformers with ensembles
statistical
characteristics of
training data

idpSAM'® Latent diffusion For generating High generalization Requires substantial
model (transformer ensembles of short | to unseen training data from
autoencoder + IDRs (< 60 sequences; stable simulations
diffusion) trained on | residues), transfers training
implicit-solvent to sequences
ensembles absent in training set
(ABSINTH) to
sample new
structures

STARLING® Diffusion/generative | When needing rapid, | Extremely fast (< Newer tool; may lack
approach leveraging | large-scale seconds); works on extensive validation
physics-based ensemble both GPU & CPU across diverse
insights to produce predictions from sequences
Machine- hundreds of sequence
Learning conformers in

seconds

IDPFold?! Fine-tuned diffusion When backbone Bypasses need for Focuses on

model generating
backbone-level
conformers directly

ensemble prediction
is needed rapidly
from sequence

MSA or
experiments;
provides diverse

backbone only; may
miss side-chain
dynamics and

from sequence, alone structural features solvent effects
without MSAs or
experimental input

Phanto-IDP? Diffusion-based When rapid Physics-informed Relies on training
generative model ensemble generative model; data quality; may

trained on generation is captures lack fine-resolution
sequence-conditione | needed from IDP-specific structural detail
d structural features | sequence alone features; fast
of IDPs sampling
BioEmu? Diffusion model Rapid generation of Fast and Backbone-only,

trained on a large
dataset of simulation
and experimental
data

equilibrium
ensembles from
sequence

sequence-sensitive;
produces diverse
ensembles
consistent with
disordered behavior

lacks sidechain
sampling;;
overestimates radius
of gyration for longer
IDPs (>100
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residues)

Hybrid

AlphaFold-Metainfer | Combines AlphaFold | To integrate Al Incorporates prior Requires AlphaFold
ence® constraints with predictions into knowledge confidence and
Bayesian ensemble ensemble priors
modeling (ML + refinement
Physics-based
approach)
FastFloppyTail 2 Uses Rosetta For IDPs requiring Combines Computationally

fragment insertion
with modified energy
terms and sampling
strategies optimized
for
IDPs(Physics-based
+ knowledge-based)

backbone
ensembles with local
structure propensity

knowledge-based
fragment sampling
with
physics-informed
scoring; accurate for
local motifs

intensive; coarse
side-chain modeling;
limited by fragment
library quality

DynamICE?* Uses a Generative When fixed pools Enables de novo, Torsion-based (local)
Recurrent Neural are insufficient and data-consistent sampling makes it
Network (GRNN) to data-driven conformer suboptimal to
generate generation of generation, accurately satisfy
conformers, diverse IDP integrates physical distance restraints
fine-tune with ensembles is and experimental like NOEs and
experimental data needed. constraints, and PREs.
via a Bayesian improves iteratively.
reward function
(X-EISD). (ML + ME)

AF2-RAVE# Combines When diverse Efficiently maps Requires short MD;
AlphaFold2 (with functional states are | conformational not suitable for
reduced MSA) + needed from landscape; captures | ultra-fast motions;
short MD + machine | sequence with metastable states; moderate compute
learning (SPIB) minimal prior integrates physical setup needed

knowledge and statistical
modeling
bAles® Bayesian integration | For generating Fast; atomistic Dependent on AF2
of AlphaFold2 atomistic IDP resolution; robust to accuracy; limited for
distograms as ensembles AF2 errors; captures | environment-sensitiv
distance restraints efficiently, especially | local & long-range e or transient
into a random coil when experimental features contacts
model as a prior data is limited
AFflecto® Builds IDP When needing Fast and tunable; No dynamic

ensembles using
fragment-based
sampling informed
by AlphaFold
models, with
secondary structure
element(SSE) and
steric constraints

efficient conformer
generation guided
by AlphaFold
predictions and
optional SSE control

incorporates partial
structure; no MD or
force fields required

sampling; side
chains approximated
with pseudo atoms
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Supplementary Table 3. Experimental data integration techniques for conformational
ensemble refinement.
Comparison of methods used to integrate experimental data (e.g., SAXS, NMR, smFRET)
into structural ensemble modeling. Integration strategies include maximum entropy,

maximum parsimony, and hybrid approaches, along with their assumptions and
computational features.

structure content
from chemical
shifts

existing IDP
ensemble to
achieve accurate
secondary
structure
distributions

experimental
constraints

Integration Method Core When to use Strength Limitation
Strategy Principle
X-EISD*® Bayesian inference | When integrating Handles multiple Needs accurate
using error models | NMR/SAXS data data types; error models;
to compare with structural includes relies on ensemble
ensembles to ensembles uncertainty; diversity
various enables
experimental data reweighting
EROS® Maximum-entropy | Flexible or Avoids overfitting Computationally
reweighting of disordered demanding
simulation proteins with
ensemble to fit SAXS data and
SAXS data simulated
ensembles
BioEn* Combines EROS When you want Faster More complex
with simulations accurate ensemble | convergence; setup; depends on
and reweighting to | refinement with explores multiple good sampling and
refine ensembles control over data confidence levels reweighting
vs. model balance | (8) without extra
simulations
COPER® Uses convex When working with | Highly efficient and | Does not offer
optimization to very large scalable; uncertainty
reweight large ensembles and guarantees estimates for the
ensembles to fit average convergence and reweighted
experimental experimental stability ensemble weights,
averages observables (e.g., unlike Bayesian
SAXS, NMR) approaches.
Maximum BME Bayesian/maximu When combining Accounts for data Requires tuning;
Entropy m-entropy simulations with uncertainty; depends on
reweighting of experimental data balances fit and ensemble quality
ensembles using (e.g., NMR, SAXS) | prior; reusable
experimental weights
averages with
uncertainty
BEGR® Reweights When Achieves Depends on
ensembles to experimental NMR | converged quality of initial
match chemical shifts are | ensemble ensemble and
residue-level available and you distributions; secondary
secondary aim to refine an directly uses structure

predictions from
chemical shifts

Metainference®

Simultaneously
infers structural
ensembles and
experimental
errors by
integrating prior
distributions and
data uncertainty
into a Bayesian
framework.

Best suited for
heterogeneous
systems (e.g.,
IDPs, multi-state
folded proteins)
and when data
noise and
structural
variability must be
jointly modeled.

Metainference
rigorously
accounts for
experimental
noise, ensemble
heterogeneity, and
uncertainty in
observables, uses
areplica-averaged
likelihood, and is
integrated with
molecular
dynamics (e.g.,
PLUMED) to
sample ensembles

Computationally
demanding,
requires
integration with
MD simulations,
and may be
complex for users
unfamiliar with
Bayesian
inference.
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on-the-fly.

ENSEMBLE® Adjusts weights on | When analyzing ENSEMBLE It requires a large,
a pool of IDPs with diverse supports a wide pre-generated
conformers to experimental range of conformer pool,
match restraints requiring | experimental data can be
experimental data a flexible, types, allows computationally
while preserving data-consistent flexible weighting intensive for large
ensemble diversity | ensemble of both conformers | datasets, and

and data modules, | offers lower
preserves interpretability due
ensemble diversity, | to the complexity
and integrates with | of weighted
external tools for ensembles.
accurate
back-calculation.

EOM? Selects a small When interpreting EOM is tailored for | It supports only

subset of
conformers from a
large random pool
to best fit SAXS
data, using a
genetic algorithm.

SAXS data for
disordered or
flexible proteins,
especially when
interested in
overall shape and
size distributions.

SAXS analysis,
offers intuitive
control over
ensemble size and
fit quality,
produces
interpretable
distributions (e.g.,
Rg, Dmax), and is
fast and easy to
use for flexibility
profiling.

SAXS data, relies
on pre-generated
conformers, and
may oversimplify
underlying
structural
heterogeneity due
to its reliance on a
small subset.

ASTEROIDS®

Uses a genetic
algorithm to select
a fixed-size
ensemble of
conformers from a
large pool that
minimizes
deviation from

When you need a
sparse,
interpretable
ensemble that fits
RDCs, PREs, or
NOEs, and want
robust, global
optimization of

ASTEROIDS
builds minimal
ensembles with
strong data
agreement, uses
explicit fitness
weighting by data
type, and employs

It requires a fixed
conformational
collection size,
lacks conformer
weighting (binary
inclusion only),
may
underrepresent

Maximum experimental data ensemble genetic diversity structural diversity,
. using a composition. mechanisms and is tailored
ParS|mony multi-component (mutation, mainly for NMR
fitness function. crossover, restraints, limiting
tournaments) to applicability to
avoid local minima | multimodal
and improve datasets.
robustness across
2000+
generations.

SES® Selects the Ideal for systems SES provides a Requires an
sparsest possible with deterministic and accurate prediction
weighted underdetermined scalable algorithm model for
ensemble from an experimental data (Multi-OMP), experimental
oversampled (e.g., RDCs, avoids overfitting observables,
conformer pool SAXS) where via rigorous -curve | depends on quality
that fits sparse analysis, recovers and coverage of
experimental data conformational robust ensemble the input
within a defined representation is weights, and conformer pool,
error, using desired and data requires no prior and currently
deterministic scaling is assumptions about | supports only
optimization. uncertain. weight linearly averaged

distributions. data (e.g., RDCs,
SAXS).

MMMx*° Reweights When refining Handles diverse Reweighting can
precomputed large conformer data types; bias ensemble
conformer pools with supports toward
ensembles to multi-modal block-wise fitting overrepresented
match experimental and pruning; states if prior is

Other experimental data restraints efficient for large poor
(e.g., DEER, ensembles
SAXS) via

non-negative least
squares or Monte
Carlo sampling
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Supplementary Table 4. Summary of conformational ensemble comparison

techniques. Summary of methods and metrics for quantifying similarities and differences
between conformational ensembles. Includes descriptor-based, probabilistic, topological,

and energy-based approaches, with notes on their computational complexity and

interpretability.

Method/Metric Description Advantages Disadvantages Computational cost
Conformational Computes Simple to implement; | Overly simplistic; Low
Heterogeneity*' inter-residue provides a quick fails to capture local

distances across overview of or multimodal

ensemble ensemble structural

conformers to yield a | heterogeneity. differences.

single scalar

quantifying

conformational

diversity.

Residue Pair Compares Easy to compute and | Comparisons based | Moderate

Distance Matrices*

conformational
ensembles via
statistical analysis of
residue-residue
distance matrices.

to interpret.

on median and
standard deviation of
distances, but not on
the distribution of
values..

Kullback-Leibler
(KL) or
Jensen-Shannon
(JS) Divergence
based on
Probability Density
Estimates*>*

Estimates the
probability density of
a conformational
space descriptor and
quantifies the
difference between
ensembles based on
KL or JS divergence.

Considers relevant
descriptors of
conformational
variability.

Precise estimation of
probability density is
a challenge for highly
dynamic systems.

Moderate to high

Wasserstein It computes the Provides intuitive Computationally High
Distance "cost" of transforming | interpretation as intensive; scaling to
Considering Local | one ensemble "minimum effort" to large ensembles or
and Global distribution into morph one ensemble | high-dimensional
Descriptors* another, using local into another; robust descriptors can be
descriptors to outliers; identifies | demanding.
(backbone angle the residues/regions
distributions for each | that contribute most
residue) and global significantly;
descriptors alignment-free.
(inter-residue
distances).
Topology-Based Compares Captures global Lacks geometric Moderate
Metrics*® ensembles by rearrangements; detail; may
analyzing differences [ alignment-free. oversimplify
in contact-based structure.
graph topology.
Local Energy Trap | Identifies residues Highlights energetic | Force Moderate

Analysis

with persistent
low-energy
conformers across
ensemble

hotspots; links
sequence to
ensemble behavior

field-dependent; may
require good
sampling
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Supplementary Table 5. Proposed Scoring Metrics and Evaluation Criteria for
IDP-Bench Submissions

structure propensity

Experimental Scoring metric Structural Advantages Limitations
Technique Resolution
X2 score between Global Sensitive to overall | Low resolution;
full SAXS profiles dimensions and ensemble
(I(q) vs q) of shape; fast and averaging;

SAXS experimental and widely available hydration layer and
computed buffer condition
ensemble; residual effects
analysis
Wasserstein Local & Global Reports on full Requires careful
distance between distance control of dye

smFRET predicted and distributions; labeling,
measured distance resolves orientation, and
distributions subpopulations mobility
Q-factor Local Sensitive to bond May requires
vector orientations | alignment tensors;
RDCs and secondary sensitive to artifacts
structure from alignment
propensities media
RMSE of PRE Local Captures Sensitive to
intensities long-range spin-label flexibility;
PRE transient contacts; forward model
informative for uncertainties
compactness
RMSE or Local Standardized and Sensitive to
. . correlation broadly available; sequence context
Chemical Shifts coefficients reflects secondary | and environmental

effects

HDX-MS

Protection factor
deviation

Local(per-segment)

Reports on
transient structural
protection;
complementary to
NMR

Resolution depends
on peptide
coverage; requires
careful
experimental setup

Hydrodynamic
radius(e.g. from
DOSY)

AR, from predicted
vs. measured

Global

Fast readout of
chain
compaction/expansi
on

Influenced by buffer
viscosity,
temperature, and
shape assumptions
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Supplementary Figure 1: Overview of the IDP-Bench benchmarking framework. The
four-phase cycle includes data curation, blind ensemble prediction, multi-modal scoring, and
public dissemination. Evaluation incorporates diverse experimental inputs and standardized
metrics to assess global and local ensemble accuracy. Created in BioRender. Ghafouri, H.
(2025) https://BioRender.com/i36we79.

Inaugural Edition

o Selecting well-characterised
reference proteins

« explicit definition of gold-standard Curation

experimental dataset for reference

proteins
e Publicly release all data to PED,

SASBDB and BMRB

Selection of high
quality experimental
data
Public -
dissemination Submit blind

T! _ IDP-Ensemble Benchmarking
“an'

Challenge (IDP-Bench)
(a biennial critical ‘
Critical analysis assessment) g7l
workshop Full conformational
ensembles

predictions

Evaluation criteria
'd N\
¢ Global agreement
o ¥2statistic
o KL divergence score

¢ Local agreement
o RDC Q-factor
o RMSD of PRE intensities
o Wasserstein distance
between measured and
calculated smFRET
distributions.

Evaluation score
Weighted sum of the
individual terms
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Supplementary Figure 2. Error landscape in integrative ensemble determination of
intrinsically disordered proteins (IDPs) using NMR, smFRET, and SAXS. The schematic
summarizes typical experimental and modeling uncertainties associated with each method.
NMR: Chemical shift uncertainties range from x0.02 ppm ('H) to +0.35 ppm for "*C/™N,
though systematic referencing errors are often dominant. J-coupling and RDC errors are
~0.5 Hz; relaxation rates are typically underdetermined and often assigned an arbitrary error
(~3%). For chemical shifts, experimental errors are much smaller than predictor errors.
Forward models for chemical shift mainly have standard deviations of 1.0 ppm for backbone
Ca predictions on their training datasets*®. smFRET: FRET efficiency measurements have
inter-lab standard deviations of +0.02 to +0.05, systematic error dominated by instrument
calibration (corresponding distance uncertainties are #+2-3 A) and the uncertainty in the
Forster radius (Ry), which has been estimated to be ~7%*. In sm-FRET forward models
based on rotamer libraries, a source of uncertainty is the assumption about the timescales of
linker and dye motions®. For FRETpredict®', this uncertainty can affect the predicted FRET
efficiency up to ~15%. SAXS: Radius of gyration (Rg) is the most reliable parameter, with
<1.5 A uncertainty for folded proteins (slightly higher for large Rg proteins)®. Molecular
weight (MW) determination from scattering intensity has ~10% error, while maximum
dimension (Dmax) is poorly defined for IDPs and typically underestimates the true value by
10-15%. Systematic errors in SAXS forward models stem largely from solvent treatment and

vary with protein features. Created in BioRender. Ghafouri, H. (2025)
https://BioRender.com/c2irt8f
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Supplementary Figure 3. Decision diagram for IDP conformational ensemble
determination. A conceptual workflow diagram highlighting key decision points in the
selection of computational and experimental strategies for generating and refining structural
ensembles of IDPs.
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Table 1. Recent experimental data integration techniques

Integration Underlyin Application TR
9 Tool ying PP Advantages Limitations
Strategy concept Context
Bayesian inference Can incorporate
with explicit error Integrating NMR or multiple data types, Relies on accurate
X-EISD[1] models to refine SAXS data into accounts for error models and
ensembles with structural uncertainty, sufficient ensemble
diverse ensembles. enables ensemble  diversity.
experimental data. reweighting.
Zaw)z:g:;:grgfmpy Flexible/disordered
EROS[2] simulations against protel_ns with SAXS Redu‘ctlas risk of Computgtlonally
SAXS and simulated overfitting. demanding.
ensembles.
measurements.
When precise Fast convergence;
Combines EROS  refinement and ) 9 " More complex
L . } allows tuning X .
. with simulation and  balancing X workflow; requires
BioEn[3] S confidence levels
reweighting for data-model . well-sampled
X . (0) without extra
refinement. agreement is . . ensembles.
simulations.
needed.
Convex Very large
optimization for ens;wembglles Highly efficient, Provides no
COPER[4] reweighting large constrained by scalable, un{:ertamty
ensembles to averages (6. guarantees stable  estimates for
match_ averaged SAXS, NMR). convergence. weights.
experimental data.
Bayesian/maximum Combining Balances fit with .
. . ) . ) Requires
Maximum -entropy integration ensembles with priors, accounts for arameter tunin
Entro BME[5] of simulations with  experimental uncertainty, gensitive to 9
Py experimental restraints (NMR, transferable ensemble qualit
averages. SAXS). weights. quallty.
Post-processing Post-processing .
MD snapshots by ~ MD snapshots by aR:(I;iZ\(/J;:CZU(::Cy
optimizing weights  optimizing weights  Conserves original X g
. L the starting
to minimize to minimize ensemble ensemble: cannot
Kullback-Leibler Kullback-Leibler distribution; recover m’issin
EnsRefEx[6] divergence, while  divergence, while  prevents overfitting . 9
f _— . - ) conformational
ensuring deviations ensuring deviations via error tolerance; states:
from experimental  from experimental computationally o dor;mwance
observables remain observables remain flexible. Ze ands on force
below a set error below a set error X P .
field quality.

tolerance.

tolerance.
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Metainference[7]

BICePsv2.0[8]

Bayesian
framework
integrating data
uncertainty, noise,
and structural
heterogeneity via
replica-averaged
likelihood.

Bayesian
reweighting of
pre-generated
conformational
ensembles using
posterior sampling
to fit experimental
observables (e.g.,
NMR).

Heterogeneous
systems where
data noise and
ensemble variability
must be modeled
jointly.

When refining
ensembles with
diverse
Experimental data
(NOEs,
J-couplings,
chemical shifts,
HDX) without
running new
simulations.

Rigorous treatment
of uncertainty;
integrates with MD
for on-the-fly
sampling.

Rigorous Bayesian
framework;
supports multiple
data types;
provides objective
BICePs score for
model comparison;
includes
convergence
diagnostics.

Computationally
heavy, requires
Bayesian expertise
and MD coupling.

Dependent on
accurate forward
models and quality
of prior ensemble;
requires careful
MCMC
convergence
analysis.

Maximum
Parsimony

EOMI9]

ASTEROIDS[10]

Selects a subset of
conformers via
genetic algorithm to
match SAXS
profiles.

Genetic algorithm
selects fixed-size
ensemble
minimizing
deviations from
experimental data..

SAXS-based
analysis of
disordered/flexible
proteins.

Sparse
interpretable
ensembles
constrained by
NMR data (RDCs,
PREs, NOEs)..
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Tailored for SAXS,
intuitive ensemble
control, produces
interpretable Rg
and Dmax
distributions.

Builds minimal
ensembles with
strong fit, uses
genetic diversity to
avoid local minima.

Limited to SAXS;
may oversimplify
heterogeneity.

Fixed ensemble
size, binary
conformer
inclusion, limited
applicability beyond
NMR.



SES[11]

MESMER[12]

Deterministic
optimization selects
the sparsest
weighted ensemble
consistent with
data.

Uses genetic
algorithms to select
minimal ensembles
from conformer
pools that best fit
multiple
experimental
datasets (e.g.,
SAXS, RDCs, PCS,
DEER).

Underdetermined
systems (e.g.,
RDCs, SAXS)
where sparse
representation is
needed.

For heterogeneous
systems requiring
integration of
diverse
experimental
restraints into
compact,
interpretable
ensembles.

Deterministic,
scalable, avoids
overfitting, robust
weight recovery..

Handles multiple

data types; modular

and extensible;
avoids overfitting
by identifying
several
near-optimal
solutions.

Requires accurate
observable
prediction; depends
on conformer pool
quality; limited to
linearly averaged
data.

Dependent on
conformer pool
quality; can
underestimate
heterogeneity;
computationally
intensive for large
systems.
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Methods

Dimensionality reduction

IDPET offers PCA (Principal Component Analysis) and Kernel PCA (KPCA), t-SNE
(t-distributed Stochastic Neighbor Embedding) and UMAP (Uniform Manifold Approximation

and Projection) as three dimensionality reduction methods for studying the IDPs/IDRs

ensembles’ properties. These methods are applicable on extracted feature matrices from

ensembles. Currently, IDPET can transform ensembles into six different feature matrices

based on phi-psi angles, intra atomic Ca distances, pairwise RMSD, trRosetta-style phi

angles, trRosetta-style omega angles and alpha angles (Supplementary Table.1). Then,

based on the selected feature, each conformation in the ensemble will be transformed to a

1D array containing extracted feature data and consequently the ensembles of

conformations will be introduced as a 2D matrix to the selected dimensionality reduction

method.

Supplementary Table 1: Description of the features that IDPET could extract from the ensembles
and proper dimensionality reduction techniques

around the N-Ca and Ca-C atoms

respectively

Feature Description Dimensionality reduction
methods
phi-psi angles Phi and Psi are the dihedral angles | KPCA, circular UMAP and

t-SNE(using circular metric)

intra atomic Ca distances

Interatomic  distances between Ca

atoms

PCA, UMAP and t-SNE

(using euclidean metric)

pairwise RMSD

Generate all-vs-all matrix contains all
pairwise RMSD values between the

conformations in the ensembles

UMAP and t-SNE

precomputed

(using
metric  for

symmetric matrices)

trRosetta-style phi angles

The planar angle between three atoms
of two residues i and j (Ca[i], Cbl[i] and
Cb[])

KPCA, UMAP and t-SNE

(using circular metric)

trRosetta-style omega angles

The dihedral angle between the planes
formed by four atoms of 2 residues i
and j (Cali], Cb[i], Cb[j], and Cal[j])

KPCA, UMAP and t-SNE

(using circular metric)

alpha angles

The dihedral angle between the planes
Ca
consecutive residues
Ca[i+2], and Cal[i+3])
131

atoms of 4
(Ca[i], Ca[i+1],

formed by four

KPCA, UMAP and t-SNE

(using circular metric)




a. PCA & KPCA
IDPET implements user-friendly interfaces for PCA and KPCA using the scikit-learn library to
explore conformational ensemble properties. KPCA is particularly suited for analyzing
non-linear and periodic data such as angular variables. To account for the circular nature of
angular features, each angle is transformed into its sine and cosine components before
computing the kernel matrix using a custom distance-based kernel function. This
transformation preserves angular periodicity and enables meaningful dimensionality

reduction in the latent space, offering insight into conformational diversity.

b. t-SNE

As part of its dimensionality reduction toolkit, IDPET includes an adapted implementation of

t-SNE based on the pipeline suggested by Robustelli et al. ', which combines t-SNE with
k-means clustering to effectively group heterogeneous conformational ensembles. Two
hyperparameters are tuned: the number of k-means clusters and the t-SNE perplexity value,
which balances local and global relationships within the data by approximating the number of
nearest neighbors. IDPET performs a grid search over these parameters, selecting the
optimal combination using the Silhouette score, a metric that evaluates both intra-cluster

cohesion and inter-cluster separation to assess clustering quality.

c. UMAP
IDPET also includes UMAP, a non-linear dimensionality reduction technique based on fuzzy
topological representations of data. UMAP generally outperforms linear methods in
preserving complex structural relationships and is computationally more efficient than t-SNE,
with comparable embedding quality. The two main hyperparameters are: the number of
neighbors (analogous to t-SNE's perplexity), which governs the balance between local and
global data structure, and the minimum distance between points, which controls cluster
compactness versus preservation of global structure. IDPET adopts the same optimization
strategy as for t-SNE, tuning these parameters by maximizing the Silhouette score across

combinations of neighbor counts and cluster numbers.

Ensemble comparison

IDPET implements a set of scores based on Jensen-Shannon divergence (JSD) to
quantitatively compare conformational ensembles of proteins with the same length LLL, even
when their sequences differ. These scores evaluate the similarity between probability
distributions of structural features, such as interatomic distances or torsion angles, derived
from the ensembles. To compute the JSD for continuous variables, the values are first

discretized into histograms with N, o following established practices 2. Given two
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distributions P and Q corresponding to a specific molecular feature from each ensemble,
their JSD is defined as:

JSD(PIQ) = %(KLD(PIIM) + KLD(QIM))

where M = %(P + Q) is a mixture, and KLD is the Kullback-Leibler divergence, expressed

as:

bins X
KLD(XIM)= ¥, Xklog(M—k)
k k

where k is the bin index and X, and M, are the frequencies for bin k estimated from

histogram data, with Mk = %(Pk + Qk). No pseudo-counts are used and bins with Xk =0

have zero contribution. JSD scores range from 0 (P and Q have identical counts) to a

maximum of log log (2) =0. 6931 (no bin has at least one count from both P and Q).
IDPET implements the following JSD based scores:

a. Carbon Alpha Distance Average JSD (adaJSD)

The adaJSD score compares Ca-Ca distances in two ensembles and is defined as:

1

B [4] | Bl
adajsD = —— 3 ]SD(DU I DL,J,)

pairs j—i>l

where Dgﬂ and Df] are the distance distributions between residue i and j in ensembles A
and B, and Npairs = (L — 1)(L — 2)/2 is the total number of distances evaluated. For each

distance, its histogram range is defined by its minimum and maximum values in the

ensembles.

b. Alpha Torsion Average JSD (ataJSD)

The ataJSD score compares a angle distributions:

ataJSD = ——7¥. ]SD(T[A] | T )

apha (= i=LiitLi+2 =L Lit2

. . . A B
where N = L — 3 is the number a angles in a protein and TF ] .. .and TF ] . are
alpha i—1,5,i+2,i+3 i—1,5,i+2,i+3

the distributions of a angles formed by residue i and its neighbors. The histogram range is
always - m to .

c. RAMAchandran plot average JSD (ramaJSD

The ramaJSD (RAMAchandran plot average JSD) score compares joint ¢ and { angle

distributions:
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ramaJsD = ——¥. ]SD(REA] I REB])
rama j—p

where N =L-2 is the number of residues with both ¢ and (s values and REA]and REB]

are the joint distributions of ¢ and  for residue i. For both angles, the histogram range is
always - m to m split into N, o resulting in a 2d histogram with an effective bin number of

2
bins’

Effect of ensemble size

A crucial parameter for computing above mentioned scores is the number of bins N, .
Large N,. . values will lead to inaccurate results if ensembles contain few conformers. While
users can manually set N, by default IDPET automatically assigns it via the square root

rule:

= min([\/n], 50)

bins

where n is the number of conformers in the smaller ensembles. Our benchmarking (see
Supplementary Figure 1) shows that IDPET scores reliably capture ensemble differences
with as few as 25 conformers. However, when comparing smaller ensembles, the

discriminative power of the scores significantly decreases.
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N-terminal SH3 domain of Drk (1-59): PED00157e001 (ensemble A) vs PED00156e001 (ensemble B)
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Supplementary Figure 1. Relationship between IDPET comparison scores and ensemble size.
Each row corresponds to two PED ensembles (A and B) for the same protein. The first two columns
show histograms of radius of gyration and a angles, summarizing global and local structural
properties, respectively. The remaining columns plot adaJSD, ataJSD, and ramaJSD scores as a
function of the number of bootstrapped conformers. Gray curves show A vs A auto-comparisons;
purple curves show A vs B comparisons. Each point represents the average of n = 10 bootstrap

replicates (error bars: standard deviation).

Asterisks indicate statistically significant differences

(Mann-Whitney U test, p < 0.05) between A vs A and A vs B scores for ensemble sizes of 10, 25, 50,
and 75 conformers. When A and B share similar structural properties (first two columns), differences
in JSD scores become indistinguishable from background variation at low ensemble sizes. These
results highlight the need for caution when interpreting scores from small ensembles (fewer than 50

confo

rmers).

Statistical analysis

Due to the finite size of protein ensembles analyzed in IDPET, a non-zero JSD score does

not necessarily imply a statistically significant difference between two ensembles. To

address this, IDPET includes an optional bootstrap-based statistical analysis, particularly

recommended for small ensembles (e.g., fewer than 50 conformers).
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This analysis can be applied to all comparison scores implemented in IDPET (adaJSD,

ataJSD, and ramaJSD), and proceeds as follows:

1. Inter-ensemble bootstrapping:
Conformers are randomly sampled (with replacement) from ensembles A and B and

compared over N, . iterations to generate a distribution of inter-ensemble

otstra,
scores.
2. Intra-ensemble bootstrapping:

Each ensemble (A and B) is also bootstrapped and compared to itself N,

ootstrap
times. The highest average intra-ensemble score from these self-comparisons is
used as the reference.

3. Significance testing:
A one-sided Mann-Whitney U test is applied to compare the distributions of
inter-ensemble and intra-ensemble scores. The null hypothesis is that both
distributions are equal; the alternative hypothesis is that the inter-ensemble scores
are stochastically greater. The resulting p-value is reported to assess statistical

significance.

Additionally, IDPET reports bootstrap confidence intervals for the score differences using the
percentile method (Supplementary Figure 2). This approach allows users to gauge whether
differences between ensembles are meaningful or arise from statistical noise. While this
analysis is critical for small ensembles, it is generally unnecessary for large ensembles (e.g.,
>1,000 conformers), where comparison scores are already reliable estimators of structural

divergence.

ada)SD
0.10
PEDD0156€001
0.09
0.08
o
0.07 8
PED00157€001 0.053]* 2
0.06 3
0.05
[0.045, [0.020, B
PEDD0158e001 0.0537* 0.034] i
0.03
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> > >
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o /\?f ,be,
~? 5 ~
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Ay} Av) AY)
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Supplementary Figure 2. It shows the result of bootstrapping by providing the confidence intervals
and the statistical significance for both intra-ensemble and inter-ensemble comparisons based on
adaJSD score. In this example, while PED00157 and PED00158 have low adaJSD scores, these
scores appear to be significantly higher than those obtained by auto-comparisons, hinting at a
systematic difference.
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Visualization

In IDPET, a dedicated module has been developed specifically for data visualization, offering
multiple modes to analyze conformational ensembles effectively. Each visualization method
includes customizable options, allowing users to easily adjust and refine the plots according

to their needs. The table below summarizes the different visualization modes available in

IDPET:

Type of analysis

Type(s) of visualization

Main options supported

Scatter plots

Distributions ~ of  ensemble Histogram number of bins
properties Violin plot mean/median indicator
- Rg multiple plots
- Asphericity color
- Prolateness
- End-to-end distance
- Global SASA
Ensemble comparison comparison matrix
heatmap
Dimensionality reduction Density plot color by different labels

parameters

order/flexibility parameter
for each residue in the
ensemble

DSSP relative DSSP content plot DSSP code among “H” for
based on selected DSSP helix, “E” for strand and
code “C” for coil

Distance/contact maps average distance map contact threshold
through ensembles turn to log-scale
contact probability map
based on a selected
contact threshold

Angles Ramachandran plot
Alpha angle

Site-specific order/flexibility Site-specific residue pointer

Per residue average SASA

plot the average SASA for
each residue among all
conformations in  the
ensemble

residue pointer
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Operation

AB40,
n=300

AB40,
n=2998

a-syn,
n=300

a-syn,
n=2998

Initial download+process from PED.

Download PDB files from PED and process them with
MDTraj. Performed only the first time a user retrieves the
ensembles from PED.

105.9

388.3

Ensemble loading.
Loading trajectory files, performed every time users
analyze the ensembles.

1.0

3.4

Quick global descriptors.

radius_of_gyration, end_to_end_distances, asphericity,
prolateness

Run sequentially these methods of the Visualization class:

0.5

1.3

0.7

2.9

Global SASA.
Run the visualization.global_sasa method

15.4

153.3

56.4

562.6

adaJSD.
Run visualization.comparison_matrix(score="adaJSD",
bootstrap_iters=None)

0.1

0.3

1.3

4.6

adaJSD bootstrap x 25.
Run visualization.comparison_matrix(score="adaJSD",
bootstrap_iters=25)

4.9

13.7

64.7

223.9

PCA with Ca-dist.
Run analysis.extract_features(featurization="ca_dist') and
analysis.reduce_features(method='pca’)

0.02

0.1

0.2

1.2

kPCA with phi/psi.
Run analysis.extract_features(featurization="phi_psi')and
analysis.reduce_features(method='kpca', circular=True)

0.07

53.4

0.1

54.2

t-SNE selection with Ca-dist.
Run analysis.extract_features(featurization="ca_dist')and
analysis.reduce_features(method='kpca', **tsne_params)

25.0

387.6

30.7

445.9

t-SNE selection with phi/psi.

Run analysis.extract_features(featurization="phi_psi')and
analysis.reduce_features(method='kpca', circular=True,
**tsne_params)

38.4

1427.8

46.6

1931.3

Supplementary Table 1. Wall-clock times for common IDPET operations. The analyses were
performed using 3 PED ensembles for A340 (PED00531-PED00533, with 40 residues) or a-synuclein
(PEDO00543-PED00545, with 141 residues) with all the conformers available (2998 per ensemble) or
with smaller subsamples (300 per ensemble). For all t-SNE analyses: perplexity_vals=[10, 20, 50,
100], range_n_clusters=range(2, 5, 1). All tests were run with Python 3.10 on a MacBook Air (2020)
platform with a M1 processor and 16 GB RAM. Wall-clock times are reported in seconds.
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Feature

IDPET

SOURSOP

Input

Supports multi-model PDB files
and trajectory files (.dcd, .xtc).

Supports trajectory files (.dcd,
xtc).

Analysis pipeline

Can handle multiple
ensembles, each containing a
single chain.

Can handle a single ensemble
containing multiple chains.

Ensemble features

Calculates common global and
local structural descriptors
such as radius of gyration (Rg),
end-to-end distance (Ree),
scaling exponent, and
backbone dihedral angles.

Computes a broader range of
structural features,

Visualization

Includes a built-in visualization
module for plotting and
interactive analysis.

Does not include a dedicated
visualization module, but
example Jupyter notebooks are
provided

Experimental observables

Does not directly compute
experimental observables.

Can provide experimental
observables such as chemical
shifts and PRE values.

Dimensionality reduction

Supports dimensionality
reduction methods such as
t-SNE and PCA..

Currently does not include
dimensionality reduction
features.

Ensemble comparison and
validation

Provides quantitative ensemble
comparison using
Jensen—Shannon divergence
(JSD) metrics.

Includes functions for
assessing sampling quality.

Supplementary Table 2. Comparison between the IDPET and SOURSOP packages for
analyzing conformational ensembles of IDPs. Various aspects of the two packages are compared.
For a quantitative comparison, a Jupyter notebook demonstrating their functionalities is provided in
the GitHub repository of the package.
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