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Generating Ensembles of Dynamic
Misfolding Proteins

Theodoros K. Karamanos*, Arnout P. Kalverda and Sheena E. Radford*

Astbury Centre for Structural Molecular Biology, School of Molecular and Cellular Biology, University of Leeds, Leeds,
United Kingdom

The early stages of protein misfolding and aggregation involve disordered and partially
folded protein conformers that contain a high degree of dynamic disorder. These
dynamic species may undergo large-scale intra-molecular motions of intrinsically
disordered protein (IDP) precursors, or flexible, low affinity inter-molecular binding in
oligomeric assemblies. In both cases, generating atomic level visualization of the
interconverting species that captures the conformations explored and their physico-
chemical properties remains hugely challenging. How specific sub-ensembles of
conformers that are on-pathway to aggregation into amyloid can be identified from
their aggregation-resilient counterparts within these large heterogenous pools of rapidly
moving molecules represents an additional level of complexity. Here, we describe current
experimental and computational approaches designed to capture the dynamic nature of
the early stages of protein misfolding and aggregation, and discuss potential challenges
in describing these species because of the ensemble averaging of experimental
restraints that arise from motions on the millisecond timescale. We give a perspective
of how machine learning methods can be used to extract aggregation-relevant
sub-ensembles and provide two examples of such an approach in which specific
interactions of defined species within the dynamic ensembles of a-synuclein (aSyn) and
Bo-microgloblulin (Bom) can be captured and investigated.

Keywords: ensemble calculations, protein misfolding, machine learning, intrinsic disorder, oligomerization, NMR
spectroscopy

INTRODUCTION

Although significant recent progress in computational methods has enabled the prediction of the
native structure of a protein and of protein complexes given primary sequence information alone
(Yang et al., 2020; Jumper et al., 2021), understanding how a protein misfolds and defining the
structural properties of misfolded and aberrantly assembled/aggregated species remain largely a
mystery. Protein misfolding represents a critical missing link in our knowledge of protein chemistry
as it is represents a fundamental property of the polypeptide chain and is directly linked with
numerous human disorders including neurodegeneration, cataract formation, type II diabetes
mellitus (Knowles et al., 2014; Chiti and Dobson, 2017; Iadanza et al., 2018; Sawaya et al., 2021).
More than 40 proteins has been identified as the culprits of aggregation in human amyloid diseases
(Benson et al., 2020). Pathological protein self-assembly reactions do not only result in highly
ordered amyloid fibrils but also in the formation of amorphous aggregates that lack long range order
or a common underlying structure, misfolded oligomers, or phase-separated protein condensates
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(Ebo et al., 2020; Mathieu et al., 2020). In this review the term
“aggregation” largely refers to protein polymerization on pathway
to amyloid unless otherwise stated.

Despite this extraordinary progress, and the stunning
advances in structural methods such as cryo-EM, cryo-ET
and solid state NMR over the last few years (Biuerlein and
Baumeister, 2021; Reif et al, 2021; Saibil, 2022), generating
high resolution structures of aggregation intermediates remains
enormously challenging, and the secrets of protein misfolding
remain unveiled. Understanding the early events in protein
misfolding that result in large-scale self-assembly into the highly
ordered cross-p fibrous assemblies of amyloid is challenging
from the physical chemistry view point (Cawood et al., 2021).
Intrinsic protein dynamics play a crucial role in the early stages
of the misfolding reaction. These can be manifested in the form
of intrinsically disordered proteins (IDPs) (Bondos et al., 2021;
Uversky, 2021) that exchange between an array of different
conformations, but also partially folded amyloid precursors that
retain a dynamic 3D structure, which can loosely self-assemble
to generate a pool of low-order oligomers (Figure 1). Thus, the
first main challenge in understanding the principles of protein
misfolding is the ability to generate ensembles that capture the
dynamics of aggregation precursors that can span the ns to
hour timescale. However, the majority of these states may be
innocuous in terms of amyloid formation, since they will not
possess the physico-chemical properties required to enter the
aggregation landscape and will remain monomeric or, if forming
inter-molecular interactions in oligomers, will disassemble back
to monomers with which they are in dynamic equilibrium (Dear
et al., 2020; Michaels et al., 2020; Cawood et al., 2021). This
represents the second main challenge: how do we identify specific
sub-ensembles within large pools of interconverting species that
show increased propensity to aggregate and/or assemble into
amyloid?

Here, we review current computational and experimental
methods that can be used to describe the solution properties
of highly dynamic proteins, with emphasis on how the kinetics
of their formation can influence the structural interpretation
of experimental observables. We then discuss how clustering
of these ensembles may be performed using machine learning
methods in order to identify aggregation-prone vs. aggregation-
resilient states. Finally, we show how these methods/concepts
can be used to describe the misfolding of two example systems:
a protein that aggregates from an IDP state (aSyn) or from a
dynamic, yet topologically well-defined species (B,m).

MISFOLDING PROTEINS ACROSS THE
FLEXIBILITY SCALE

Proteins with an enhanced propensity to aggregate into amyloid
can be (1) disordered (IDPs) or contain intrinsically disordered
regions (IDRs), (2) structured, but unstable thermodynamically
or kinetically, or (3) combinations of these traits. Examples
include variants of immunoglobulin light chain associated with
light chain amyloidosis (thermodynamically unstable) (Morgan
et al, 2021), Bom (both kinetically and thermodynamically

Increasing Precursor Flexibility

FIGURE 1 | Protein misfolding and flexibility. Examples of proteins with
different degrees of flexibility (a-synuclein—IDP, prion protein —folded and IDR,
and pom—folded), each of which aggregate to form amyloid fibrils. For each
class of protein, its structure cannot be represented by a single conformation,
as each interconverts between various conformers on different timescales.
Hence, the conformational properties of these proteins are best described
using an ensemble of protein states guided by different types of experimental
restraints. Oligomers that form from these precursors may retain the structure
of the monomer, convert to a different structure, or form new structures not
accessible to their precursors. All eventually form the cross-p fold of amyloid
which, whilst containing a canonical parallel in-register B-strand structure can
adopt a variety of different structures (127 different amyloid structures have
been collated in the amyloid atlas; Sawaya et al., 2021).

unstable; Eichner and Radford, 2011), amyloid-p (AB),
a-synuclein and islet associated polypeptide (IAPP) that
are IDPs (Chiti and Dobson, 2017) and prion protein (Singh and
Udgaonkar, 2015) or poly-glutamine-containing proteins such as
ataxin 3 and huntingtin (contain both structured and disordered
regions) (Lieberman et al., 2019).

For IDPs, disorder serves as a means to explore a vast
conformational landscape in their monomeric form that may,
or may not, be related to their function and/or propensity
to aggregate. Thermodynamically, for disordered proteins to
aggregate into amyloid, the gain in enthalpy from the formation
of the repetitive cross-p interactions (main-chain hydrogen
bonding and interactions between stacked side-chains) of the
ubiquitous amyloid fold compensates for the entropy loss arising
from the ordering of a disordered/unstructured polypeptide
chain. Disorder that leads to misfolding can also be generated
by other mechanisms, including proteolytic cleavage of larger
precursors that may be otherwise folded/aggregation-resilient
(serum amyloid A, antibody light chains, transthyretin, AB,
and others) (Adams et al., 2019; Lewkowicz and Gursky, 2022;
Lichtenthaler et al., 2022) or even aggregation of the nascent
polypeptide chain as it exists the ribosome (Willmund et al., 2013;
Deuerling et al., 2019; Cassaignau et al., 2020).
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For protein precursors that are initially folded (e.g., fom,
light chains, transthyretin; Iadanza et al., 2018), local protein
motions which lead to exposure of hydrophobic/aggregation-
prone regions (APRs) (Beerten et al., 2012; Houben et al,
2022) that are normally buried in the native structure, have
been suggested as the drivers of self-assembly. For misfolding-
prone proteins that contain long disordered regions (IDRs)
dispersed within, or at the termini, of folded domains (e.g.,
prions and polyQ-containing proteins), the initiating stages of
aggregation may be dominated by the IDR, by interactions
involving the folded domain, or both (Scarft et al., 2013; Singh
and Udgaonkar, 2015; Sicorello et al., 2018, 2021; Lieberman
et al., 2019). And, while it is now straightforward to predict
the presence of APRs in protein sequences (Tsolis et al., 2013),
these regions cannot be solely responsible for driving the initial
stages of aggregation, since it is well-known that regions that
flank these sequences can play a pivotal role in controlling
assembly (Ulamec et al., 2020). The small oligomeric species
that self-assemble from aggregation-prone monomers can have
“memory” of the structural properties of their corresponding
precursors, thus creating pools of native, partially folded or
unfolded oligomers (Cawood et al., 2021). Alternatively, self-
assembly may generate new structures not accessible/populated
in their monomeric precursors (Figure 1). Initially formed
small oligomers can continue to grow in size, without further
conformational change to generate larger amorphous aggregates,
or they can undergo a transition to a cross-§ structure which is
followed by elongation processes that result in the formation of
the large fibrillar aggregates classic of amyloid (Xue et al., 2008;
Knowles et al., 2009).

In summary, therefore, even by focusing on the earliest stages
of misfolding and aggregation a complicated picture emerges
that involves numerous, structurally distinct precursors that
lead to aggregate formation via a range of kinetic mechanisms.
Nonetheless, the vast diversity of protein structures of unrelated
sequence and function that can form fibrillar aggregates suggests
the presence of common, fundamental underlying mechanisms
that are yet to be discovered and understood.

EXPERIMENTAL METHODS USED TO
GUIDE THE GENERATION OF PROTEIN
ENSEMBLES

The conformational heterogeneity of IDPs and proteins
that contain a significant portion of IDRs precludes the
conventional investigation of these species using methods able
to determine high resolution structures, such as cryo-EM and
X-ray crystallography (Thomasen and Lindorff-Larsen, 2022).
For amyloid precursors that are initially folded, even though
the native monomeric state may be populated to an extent
that allows its characterization by structural approaches, these
methods cannot capture the rarely populated, partially folded
species that can be crucial for aggregation (Radford et al., 1992;
Dhulesia et al., 2010; Buell et al., 2011; Karamanos et al., 2016), or
the loosely associated oligomeric species that form early during
assembly (Laganowsky et al., 2012; Karamanos et al., 2014, 2019;

Fusco et al, 2017). Methods able to capture both local and
global properties of the polypeptide chain, and to detect rare
and transiently populated species, are needed in order to
describe the conformational properties of these dynamic protein
states. Since the equilibria that lead to the formation of these
lowly populated species are uniquely sensitive to factors such
as pH and salt concentration, and hence the rate of amyloid
aggregation is also highly dependent on the solution conditions
(Buell et al., 2014), experimental restraints should ideally be
collected in solution. Experiments need to be carefully planned
so that these early species are resident for long enough to
enable their detection and characterization, holding off the
inevitable downbhill thermodynamic cascade to the amyloid fold
(Karamanos et al., 2015). If such conditions can be found, a range
of powerful solution techniques can be used to yield restraints
used in ensemble calculations (Cawood et al., 2021). These
include small angle X-ray scattering (SAXS)/NMR (Mertens
and Svergun, 2017) (generating Ry), hydrogen exchange (HX)
monitored by NMR or mass spectrometry (MS) (Radou et al,
2014; Wan et al, 2020) (yielding information on solvent
accessibility of the main-chain/hydrogen bond stability); single
molecule fluorescence energy transfer (smFRET) or fluorescence
correlation spectroscopy (FCS) (Naudi-Fabra et al, 2021)
(interatomic distances and distance distributions), and chemical
cross-linking (Faull et al, 2019) (inter-residue contacts).
Alternatively, in favorable cases, restraints collected in the gas
phase by electrospray ionization mass spectrometry (ESI-MS)
(Politis et al., 2014; Rajabi et al., 2015; Osterlund et al., 2019)
(ion mobility, mass distribution) or in the frozen state using
electron paramagnetic resonance (EPR) (Jeschke, 2018; Kapsalis
et al, 2019) (distance distributions) can provide additional
information, as long as the ionization/freezing process can be
ensured not to change the conformational equilibrium.

While each of these methods alone cannot deal with the
vast heterogeneity of protein ensembles in terms of the array of
different protein conformations and oligomeric states present,
when applied together the properties of these complex systems
can begin to be revealed (Gomes et al., 2020; Naudi-Fabra et al.,
2021). A prerequisite for an experimental restraint to be used in
the generation of a conformational ensemble is that its value must
be able to be directly back-calculated from the atomic coordinates
of the species present. This is not always a simple task, as it
generally requires a robust theoretical model that can take into
account the extreme averaging that takes place in highly dynamic
proteins. In the next paragraphs we give a brief overview of
some of the techniques that have been used to generate ensemble
representations of misfolding proteins. For a more technical
description of how these methods work we refer the reader to a
number of excellent reviews (Roy et al., 2008; Clore and Iwahara,
2009; Jeschke, 2012; Politis et al., 2014; Chiliveri et al., 2021).

A technique that naturally ticks all the boxes for analysis of
dynamic protein ensembles in solution is NMR spectroscopy.
NMR is the go-to method when disordered proteins or proteins
with IDRs are involved (Meier et al., 2008; Jensen et al.,
2013; Arai et al.,, 2015; Salvi et al., 2016; Dyson and Wright,
2021). Its unique ability to provide residue-specific information
in solution (using 'H, '*C, and/or '°N labeled proteins)
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is one of the main advantages that make NMR stand out
from other biophysical techniques (Alderson and Kay, 2021).
Solution NMR can be used to provide numerous experimental
observables that report on local (chemical shifts, short range
nuclear Overhauser effects (NOEs), 3-bond J couplings) or global
[residual dipolar couplings (RDCs), paramagnetic relaxation
enhancements (PREs)] properties of a proteins structure.
Importantly, NMR spins are sensitive to the overall tumbling of
the molecule and also to local motions, and thus sophisticated
NMR relaxation methods can be used in order to study
protein motion directly (Lipari and Szabo, 1982a,b). Of the
many NMR methods available, the ones that report on global,
slower timescale motions (such as RDCs and PREs) are perhaps
more useful in order to capture the large-scale dynamics of
misfolding proteins and thus we will focus our discussion
on those (see Table 1 for a more comprehensive list). The
well-known molecular weight limitation of NMR which make
the study proteins > 30 kDa in size difficult, unless specific
labeling (e.g., 1*C methyl) is used (Tugarinov and Kay, 2004),
is not prohibitive for IDPs (even if these consist of more than
300 residues; Mamigonian et al., 2022), since local disorder
causes long transverse relaxation (T,) times and therefore NMR
signals do not decay rapidly. For natively folded proteins that
interconvert with misfolded monomeric or oligomeric states,
the properties of the misfolded/aggregated state can also be
investigated by adjusting the solution conditions such that
misfolded states represent a small fraction of the molecules
in solution, allowing powerful NMR methods to characterize
excited, rarely populated (<5%) protein states (Anthis and
Clore, 2015). When these experiments are performed and
data successfully obtained, calculating NMR observables from
structure can be straightforward. This is certainly the case for
distance-based measurements (NOEs) which are often calculated
as an r~°® weighted average of the interatomic distances r.
However, other NMR observables, such as chemical shifts, do
not have analytical expressions to describe their relationship with
atomic coordinates, and empirical models are often used (Shen
et al., 2008; Robustelli et al., 2010, 2012). It is important to keep
in mind that the timescales of exchange between the various
protein states, which could represent transiently folded regions
of IDPs or IDRs, or monomer-oligomer equilibria, also affect
the NMR observables, and how the kinetics of exchange affect
a particular NMR parameter has to be taken into account for
a quantitative interpretation of the data (Salvi et al., 2016) (see
following section).

The atom-specific information obtained from NMR studies is
even more powerful if it can be combined with other techniques
that provide complementary information such as smFRET or
SAXS (Krzeminski et al., 2013; Lincoff et al., 2020; Naudi-Fabra
et al,, 2021). smFRET measures the proximity of individual pairs
of fluorescence dyes over time (in TIRF mode) or population
(in confocal mode) and thus can inform on conformations of
individual molecules and the kinetics of their interconversion
in a quantitative manner (Roy et al., 2008; Schuler and Eaton,
2008). In smFRET studies, care must be taken to ensure that the
fluorescent dyes do not alter the proteins’ properties which is of
key concern for IDPs/IDRs (Borgia et al., 2016). Small angle X-ray

scattering (SAXS), on the other hand, is a dye-free ensemble
technique that reports on the overall shape of the protein under
investigation and can be used to derive the overall compactness
of the ensemble by weighting various conformations present
in solution (Rozycki et al, 2011; Ahmed et al, 2021). Both
techniques have been used extensively to generate ensemble
representations of IDPs or multidomain proteins which contain a
significant portion of IDRs (Bernado¢ et al., 2005b; Merchant et al.,
2007; Holmstrom et al., 2018). In terms of aggregating proteins,
integrative studies have been performed in order to describe
ensembles of ataxin (Sicorello et al, 2021), a-syn (Schwalbe
et al,, 2014; Chen et al,, 2021), amyloid B (Sgourakis et al., 2007)
and tau (Chen et al, 2019; Stelzl et al, 2022) among others
(Strodel, 2021).

A technique that is powerful, but perhaps under-utilized,
when it comes to dynamic proteins is ESI-MS. Bottom up ESI-
MS experiments can provide restraints captured in solution
and analyzed subsequently using liquid chromatography MS
(LC-MS) (such as cross-linking or HX studies) (Belsom and
Rappsilber, 2021) or native ESI-MS that is performed on intact
molecules in the gas phase (Beveridge and Calabrese, 2021). Ion
mobility MS that reports on the collision cross section (CCS)
of a protein can separate species based on mass (monomer,
dimer etc.), but can also resolve species of the same mass, but
different CCS (e.g., compact vs. expanded versions of isobaric
species) (Beveridge et al., 2019; Moons et al., 2020). The ability of
native ESI-MS to detect small populations of protein conformers
and separate them based on size (resolution of a few Da)
and shape (CCS) has been powerful in the investigation of
folding/misfolding and aggregation pathways (Benesch et al.,
2006; Smith et al., 2006, 2007; Woods et al., 2013; Young et al,,
2014; Britt et al., 2021) and in the assembly of dynamic chaperone
assemblies (Young et al., 2018). Theoretical models that allow
the calculation of MS-derived restraints such as CCS are perhaps
lacking, although significant progress in this area has been made
recently (Kulesza et al., 2018). Concerning IDPs or IDRs, it is
important to ensure that the compaction or extension of the
polypeptide chain observed is not the result of the electrospray
ionization/desolvation process itself (Vahidi et al., 2013; Borysik
et al., 2015; Devine et al., 2017).

To avoid ionization issues, experiments that capture protein
motions can be performed in solution and subsequently
analyzed by MS methods. Zero-length cross-linkers (such
as EDC (1-ethyl-3-(3-dimethylaminopropyl) carbodiimide
hydrochloride) and DMTMM (4-(4,6-dimethoxy-1,3,5-triazin-
2-yl)-4-methylmorpholinium chloride)) allow adjacent carboxyl
and amine-carboxyl sidechain to be covalently linked and
identified using proteolysis and tandem MS (LC-MSMS). An
array of cross-linkers with different chemistry (free-radical,
maleimide, NHS ester, and others) and cross-linker length,
can provide additional information on sidechain-sidechain
distance, albeit averaged over the timescale of the cross-linking
experiment (Sinz, 2018). Using lasers or LEDs the timescale
needed for photo-crosslinking can be reduced from tens of
minutes to less than seconds (Russmann et al., 1998), providing
a clearer snap-shot of the interactions by reducing averaging
(Horne et al,, 2018). These experiments capture the dynamic
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TABLE 1 | NMR methods and their usage in ensemble calculations.

NMR method Advantages/Disadvantages in Usage
ensemble calculations

RDCs Long range reporters of structure and (in Frequent
some cases) dynamics

PREs Long range distance restraints Frequent

Chemical shifts Easy to obtain, can be related to local Frequent
protein structure using empirical
relationships

Order parameters/spectral densities Local, ps—ns motions Frequent

Chemical exchange methods

Hydrogen exchange

Probes of ms or slower motions, require
extensive sampling

Good models to predict hydrogen

Indirect as chemical
shift restraints

Rare

exchange rates still lacking

Diffusion NMR

Difficult to extract hydrodynamic

Rare

parameters of individual species without
prior knowledge of species populations

nature of intra/inter-molecular contacts and combined with
computational analysis can visualize these species (O’Reilly and
Rappsilber, 2018; Zamel et al., 2021). Even though in some
cases crosslinking restraints have been treated as NMR-derived
distances, care has to be taken when dealing with ensembles of
structures, since the nature of the two distances is fundamentally
different. Once an irreversible crosslink has formed, the two
atoms are not available for any further additional reactions,
whereas in an NOE experiment one atom may give rise to
multiple distance restraints.

Differential hydrogen—deuterium exchange that measures the
solvent accessibility/hydrogen bond stability of the protein under
investigation is another technique that combined with ESI-MS
analysis can be used to investigate large/dynamic states at the
peptide/single residue level (by rapid quenching, proteolysis and
LC-MSMS analysis) (Faull et al., 2019; Calabrese et al., 2020;
Wang et al,, 2022). Recent innovations have also increased the
time resolution of HX-MS to ms (Hu et al, 2013; Seetaloo
et al., 2022). These data can be converted to protection factors
and can be used for ensemble generation (Wan et al., 2020).
Using sophisticated pulse schemes, hydrogen exchange with
solvent can be followed by NMR that allows ultra-fast, sub-
ms rates to be measured without the need of dedicated HDX
hardware (Skrynnikov and Ernst, 1999; Kateb et al, 2007;
Segawa et al., 2008; Dass et al, 2021). One drawback of
hydrogen exchange methods that limits their application toward
ensemble generation is that accurate models that describe the
crucial role of electrostatics to the measured exchange rates are
lacking (Table 1).

We note that although the techniques mentioned in the
previous paragraphs are excellent in capturing the soluble species
formed in the early stages of protein aggregation, the reduced
solubility of aggregates formed later in assembly may limit
the repertoire of solution techniques available to characterize
them. Such states are perhaps best captured by techniques
such as cryo-EM (Béuerlein and Baumeister, 2021; Saibil,
2022), solid-state NMR (Reif et al., 2021) and/or atomic force
microscopy (AFM) (Aubrey et al., 2020). Despite recent advances,
sample heterogeneity still poses significant challenges in the

characterization of partially soluble states (Cawood et al., 2021).
Opverall, it is clear that many experimental techniques must be
used to generate complementary restraints that together have the
potential to visualize the dynamics that are in play.

ENSEMBLE AVERAGING OF
EXPERIMENTAL RESTRAINTS

For most of the experimental techniques mentioned above,
theoretical frameworks that allow the back-calculation of the
experimental restraints from the molecular structure exist.
However, when dealing with highly dynamic proteins such as
those involved in protein misfolding and aggregation, these
restraints need to be averaged appropriately in order to generate
an accurate representation of the solution properties of the entire
ensemble. It is often the case that the different protein states
within the ensemble are assumed to be in fast exchange between
each other. This essentially means that the exchange between
these species is faster than observation of the experimental
variable, and thus the experimental restraints correspond to the
population-weighted average between all the conformers. Fast
exchange is supported by the poor chemical shift dispersion of
IDPs (IDRs) in NMR studies, and is usually a safe approximation
for these types of proteins, but it may not always be the case.
Protein self-oligomerization that occurs in the early stages of
aggregation, or even the formation of local secondary structural
elements in IDPs, can occur on slower timescales. In the case
of NMR observables, the kinetics of the conformation exchange
can significantly affect the measured values (Iwahara and Clore,
2006; Cavalli et al., 2013; Janowska and Baum, 2016). Figure 2A
shows how PREs are affected by the kinetics of exchange between
an extended (state A) (95% populated) and a rarely populated
(5%) compact state B in which a hypothetical C-terminal helix
is interacting with the N-terminal segment of a protein. In the
compact state (state B) the distance (r) between the spin label
[usually S-(1-oxyl-2,2,5,5-tetramethyl-2,5-dihydro-1H-pyrrol-3-
yl) methyl methanesulfonothioate (MTSL)] and the helix is 7 A,
giving rise to a high PRE value (or I'; ) rate (6,750 s~ 1), while
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the PRE rate for state A, in which the spin label and N-terminus
is > 15 A away, is low (I'; A =5 s™1). In the fast exchange
limit, wherein the rate of exchange kex > I'; p the observed
PRE rate approximates the population weighted average of I'; o
and I', g (Clore and Iwahara, 2009; dashed line in Figure 2A).
However, if kex~T'2,p or kex < I'2,p the observed PRE rate is
much smaller than the population weighted average (Figure 2A).
In this hypothetical case the rate of N-C association could
be determined, in principle, from the rate of helix formation
(assuming that helix formation can only occur when the termini
come into close contact), but of course, in reality helix formation
could be slower than the rate of binding. Clearly, for four out of
the five curves in Figure 2A the fast exchange assumption would
lead to overestimation of r and the generation of a more expanded
ensemble that could fit the experimental data equally well.

RDCs can also provide useful information about protein
structure and are powerful when using NMR to calculate
structures and dynamics of proteins (Chiliveri et al., 2021). For
dynamic systems, RDCs are normally averaged following two
assumptions: (1) That all possible conformations can be sampled
during the measurement time and (2) that interconversion
between states is slower than the event that leads to re-
orientation of the molecule in the alignment medium [related
to the correlation time (7.) of the molecule] (Meier et al,
2008). If both assumptions are satisfied, transformation from
the time average to the ensemble average is straightforward,
and the observed RDC will be equal to the average over all
molecular conformations. In general, assumption 2 is normally
a safe assumption, as molecular reorientation should be very
fast and comparable to the molecular tumbling time (on the ns
timescale), unless association of the protein with the alignment
medium takes place. For highly dynamic IDPs, assumption 1
should also be satisfied, but this might not be the case if transient
interactions are formed that result in conformational exchange
on a slower timescale (Figures 2B,C). Imagine a scenario in
which an IDP (state A) exchanges with a transiently folded state
(state B) that may be related to misfolding. Alignment of state
A may be weak (as it is normally the case for IDPs), giving
rise to an RDC for that state, Do = 11.2 Hz, while the folded
state B gives rise to Dgp = 67 Hz. As observed in Figure 2A
for PREs, the measured RDC for both states depends on the
exchange rate between them. For simplicity we will discuss only
state A, as state B is populated only to 20% in this example,
and may not be directly observable (Figure 2B). In the slow
exchange limit on the chemical shift timescale (kex < 100
s~!) the observed RDC for state A equals Da, while when
exchange approaches the fast exchange regime (kex > 8,000
s71) the observed RDC approximates the population-weighted
average of the two states, as expected (Lorieau et al., 2012;
Figure 2C). However, it is evident from Figure 2C that in the
intermediate exchange regime (100 < kex < 8,000 s71) the
observed RDC shows a complex behavior that, if not correctly
taken into account, may lead to erroneous conclusions about
presence/absence of local secondary structure, for instance, in a
dynamically interconverting ensemble of states.

In conclusion, treating NMR-derived restraints as populated-
weighted averages over all ensemble members is able to capture
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FIGURE 2 | Dependence of NMR observables often used to drive ensemble

generation on the kinetics of chemical exchange. (A) A spin-labeled IDP

undergoes intramolecular exchange between an expanded state A

(oA = 95%) and a more compact state B (og = 5%) that involves transient helix

formation (red box). The 7A distance between the spin label (placed on

residue 20 of this hypothetical 200 residue protein) and the helix in residues

157-163 in state B gives rise to a PRE rate for that state, I'» g = 6,750

s~ 1, while the PRE rate for state A where these residues are > 15 A apart is low
(Continued)
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FIGURE 2| (I';4 =5 s~ ). Only when exchange is fast on the PRE timescale
(kex > T'p ) does the observed PRE rate approximate the
population-weighted average (dashed line). (B) Simulated 1D NMR spectra of
a 2-spin coupled (coupling constant J = 90 Hz) system that undergoes 2-site
exchange. State A is highly populated pa = 80% and gives rise to an RDC
Da = 11.2 Hz, while the RDC of state B, Dg is 67 Hz. The chemical shift of
state A was set to wp = 200 Hz, giving rise to a doublet, separated by J+Da.
For state B, wg = 600 Hz. Simulated spectra at different exchange rates (kex,
colored bar) were generated using 5,000 points, apodised and Fourier
transformed. Owing to the small value of pg = 20%, the doublet
corresponding to state B (separated by J+Dg) is only visible in the first
spectrum. The state A doublet moves toward the average chemical shift
position with increasing kex. Peak positions and linewidths were extracted
using a Gaussian fitting procedure. The RDC of state A was measured as the
difference in frequency of the state A doublet after J was subtracted, and is
plotted as a function of kex in (C) (red dots). Under slow exchange the
observed RDC equals Da (gray dashed line) while under fast exchange it
approximates the population weighted average (black dashed line). The
reduction in the observed RDC values observed in the intermediate exchange
regime arises due to artifacts in determining peak positions when linewidths
are larger than J+D.

the time averaging that happens in solution when exchange
between the various states is fast. This has led to some elegant
examples including the generation of ensembles of misfolding
IDPs able to quantitatively describe the experimental restraints
(Iwahara et al., 2004; Bernad¢ et al., 2005a; Dedmon et al., 2005;
Huang and Grzesiek, 2010; Salmon et al., 2012; Janowska et al.,
2015; Salvi et al., 2016; Karamanos et al., 2019; Naudi-Fabra et al.,
2021; Sicorello et al., 2021; Mamigonian et al., 2022). However,
when/if motions on slower timescales occur, these have to be
taken into account in order to avoid data misinterpretation.

CONVERTING EXPERIMENTAL
RESTRAINTS INTO ENSEMBLES OF
STRUCTURES

Different computational approaches have been developed that
enable measured experimental restraints to be converted into
structural ensembles. The two main approaches involve (1)
biasing molecular dynamics (MD) simulations by the addition
of energy terms that minimize the difference between the
observed and calculated restraints (Jaynes, 1957; Roux and
Weare, 2013), or (2) reweighting ensembles that have been
initially generated with no experimental information (Rozycki
et al., 2011; Cavalli et al, 2013). In both cases overfitting
is avoided using maximum entropy or Bayesian techniques.
Approach 1 requires that the theoretical models used to calculate
the experimental observables from structural models are also
differentiable, which sometimes is not straightforward, especially
for some of the MS-derived restraints (such as CCS). Approach
2, on the other hand, assumes that all relevant protein states
are already present in the initial ensemble and may not be
appropriate in cases where conformational sampling is not
efficient. A detailed description of these computational protocols
is beyond the scope of this review and we refer the reader to some
excellent recent reviews on the topic (Hummer and Kofinger,
2015; Bonomi et al., 2017; Bottaro and Lindorff-Larsen, 2018;

Pietrek et al., 2020; Thomasen and Lindorff-Larsen, 2022). We
note that the computer-generated ensembles are only a true
reflection of the experimental data that were used for their
generation. Parameters such as the number of ensemble members
or even their weights can vary depending on the nature
and quantity of the experimental input. Hence, the more
complex and broad the number of conformers, the greater
the number of experimental data of different type is needed
to best define the ensemble. Thus, a plethora of different,
unrelated experimental methods are needed in order to obtain
an unbiased representation of the dynamics that take place in
solution. We note that the recent developments in deep learning
algorithms able to accurately predict the structure of folded
proteins from their amino-acid sequence opens the window for
a future extension of these methods to capture hidden structural
motifs/propensities in IDPs. In order for this to happen, a large,
high quality dataset of experimentally determined ensembles
(using the methods described here) is necessary in order to
train accurate deep learning networks. Although this is not
available at the moment, the fast progress in the field of protein
chemistry holds for an exciting future in this research area
(Serpell et al., 2021).

EXTRACTING INFORMATION ABOUT
MISFOLDING/AGGREGATION
SUB-ENSEMBLES USING MACHINE
LEARNING. AN EXAMPLE FROM
«-SYNUCLEIN

Of the vast number of species contained in an ensemble of
monomeric aggregation-prone IDPs, and oligomeric ensembles
of folded/unfolded precursors, only a tiny minority of conformers
may possess the properties required for further aggregation. Of all
possible conformers, only specific sub-ensembles will be able to
transition into the aggregation landscape and eventually push the
equilibrium toward fibrillar species that lie at a thermodynamic
energy sink (Figure 1). How can one then search for, or tease-
out, aggregation-relevant members of the ensemble from their
aggregation-resilient counterparts? The answer to this question
is not obvious currently, but its solution would represent a key
step forward in understanding how, and why, proteins aggregate.
Building on recent advances in the field of machine learning,
we discuss below how such techniques can be used to generate
new insights into aggregation-relevant conformers buried within
a myriad of alternative species unrelated to an aggregation
pathway into amyloid.

The problem of sub-clustering of structures based on common
properties is not a new one, and techniques such as principal
component analysis (PCA) are elegant ways to generate sub-
clusters based on overall similarities in one or more structural
properties (Papaleo et al., 2009). In many ways, ensemble sub-
clustering resembles problems that are ideal for unsupervised
machine learning methods, that are typically described as
an unbiased method to identify patterns in “unlabeled” data
(unlabeled here refers to the fact that each structure is not
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tagged a priori with a label that includes it to cluster X). In
its simplest form unsupervised clustering can be performed by
Gaussian mixture models (GMM) that, given a number of normal
distributions, will try and determine to which distribution each
point belongs. The number of normal distributions the model
has access to is usually not known and may affect the clustering
results. Thus, these models are often combined with Bayesian
approaches to keep the number of distributions to a minimum
(Roberts et al., 1998).

To illustrate the power of clustering methods based on
machine learning we use here an ensemble of aSyn structures that
was generated using molecular dynamics simulations guided by
595 NMR PRE-derived intramolecular distances (Allison et al.,
2009). Figure 3 shows the performance of a simple GMM in
clustering of aSyn structures based on their end-to-end distance
and surface accessible surface area (SASA). Four partially
overlapping clusters are evident, although there is definitely room
for improvement. Instead of performing clustering analysis using
global features as shown in Figure 3, we can extend these ideas to
include local features. Due to the complex nature of the problem,
in many cases information about which residues/regions of the
protein are important/irrelevant for misfolding/aggregation is
sparse (Aguirre et al., 2022; Seetaloo et al., 2022). Perhaps the
most informative results come from mutational studies that
assess the effect of mutations on misfolding/aggregation rate in
a rigorous way. For instance, we have recently shown that a 7-
residue segment (residues 36-42), termed P1, in the N-terminal
region of aSyn acts as a “master regulator” of aggregation
(Doherty et al., 2020). Deletion or substation of the seven residues
in P1 prevents aggregation of aSyn at neutral pH in vitro (up
to the experimental time of 100 h) and also prevents amyloid
formation and proteotoxicity in C. elegans (Doherty et al.,
2020). NMR PRE experiments showed that residues in P1 make
extensive intramolecular contact with the NAC region that this
region flanks, as well as the acidic C-terminal region of the
protein (Doherty et al., 2020). Yet, how these contacts alter or
refine the structural ensemble, and how these changes “turn
on” aggregation of the protein remains obscure at a molecular
level. Do residues in P1 show specific intra-molecular interaction
hidden within the broad ensemble of conformers shown in
Figure 3, and do these interactions result in compaction/other
alterations of the chain? To answer these questions, we trained
another simple Bayesian GMM to cluster the aSyn ensemble
based on the number of contacts made by residues in P1 and
the SASA. The four clusters shown in Figure 4 range between
expanded conformations with very few P1 contacts (cluster A)
to more compact states with more contacts made by residues in
P1. All four clusters show differences in their contact maps, with
clusters A and D being most different. Even though this analysis
is used here only for illustration purposes, it highlights the type
of information that can be gained. For instance, interactions
between residues in the important NAC region (residues 61—
95) are only present in cluster D when P1 is also involved
in numerous contacts with the NAC and C-terminal regions,
while in cluster A NAC seems to be shielded by the C-terminus
(Figure 4). Although the use of machine learning described here
is solely to unpick already available dynamic ensemble, other uses

2
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FIGURE 3 | Clustering IDP ensembles using machine learning. A Bayesian
Gaussian mixture model to classify an aSyn ensemble that consists of 400
structures based on their end-to-end distance and solvent accessible surface
area (SASA). The four ellipses correspond to the four clusters identified with
four structures shown as examples above. The ensemble used for this
analysis (PED00024) was generated by Allison et al. (2009), using MD
simulations driven by PRE restraints collected in 10 mM sodium phosphate
pH 7.4, 100 mM NaCl, 10°C.

of these powerful methods can be envisaged, such as in molecular
dynamics simulations used to generate the initial ensemble (Noé
et al., 2020). In general, we expect that these types of analyses,
extended to deep convolutional neural networks, will reveal
hidden patterns and propensities for IDPs, much like they were
able to revolutionize structure prediction for folded proteins.

ENSEMBLES OF TRANSIENT
OLIGOMERIC SPECIES FORMED BY
FOLDED PRECURSORS. AN EXAMPLE
FROM $,M

Many of the ideas described above for defining and sub-
classifying the monomeric ensembles of IDPs, are equally well
applicable to address the challenges with understanding early
oligomeric species formed by specific assembly of partially
folded protein conformers, as such species are also often highly
heterogeneous, dynamically interconverting and short-lived.
Structural information for several of oligomeric intermediates of
amyloid assembly is available, in cases where these species have
been trapped/enriched by specifically designed chemical tools or
caught by NMR, MS or single molecule methods (Cawood et al.,
2021). However, these examples are far less numerous than those
of IDPs. This reflects the difficulty in finding conditions wherein
stable populations of oligomeric species are present, without
further polymerization into amyloid fibrils. One such system with
favorable properties for biophysical analysis is wild-type human
Bom (hP,m), the culprit protein of dialysis related amyloidosis
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FIGURE 4 | Clustering of aSyn conformers based on aggregation-prone
regions. (A) Bayesian Gaussian mixture model to classify an aSyn ensemble
(Allison et al., 2009) that consists of 400 structures shown in Figure 3, based
on the number of Ca contacts made by residues in P1 and the solvent
accessible surface area. For clustering a contact is defined if two Ca atoms
are within 8 A. The four ellipses correspond to the four clusters identified and
are labeled (A-D). The corresponding contact maps are shown below. For the
contact maps the definition of contacts is more generous and includes all
atoms of two given residues. The P1 region is highlighted in a green box and n
denotes the number of structures in each cluster.

(Gejyo et al, 1985). hfom is highly resistant to aggregation
in vitro, and its polymerization in vivo is thought to be initiated by
partial unfolding on the surface of collagen filaments (Relini et al.,
2006; Hoop et al., 2020). The propensity of hB,m to aggregate into
amyloid is also enhanced dramatically by proteolytic cleavage
of six amino acids from its N-terminus, which generates a

VAN

Promoting interactions

Small molecule
. stabilised tetramer

Subunit arrangement

FIGURE 5 | Transient and stable forms of om oligomers. (A) Ensembles
showing the dynamic nature of the AN6-mBom (left) and AN6-hBom (right)
interactions (Karamanos et al., 2014). AN6 is shown as a Ca trace with the
BC (green), DE (yellow) and FG (blue) loops highlighted (space fill). Note that
the BC loop contains the trans Pro32. HBom and mpom are shown in a
surface representation (gray) bound to ANB. Ensembles of 100 complexes
(aligned on ANB) are shown. (B) A small molecule stabilized tetramer of AN6
(7TAFV) (Cawood et al., 2020). ANG subunits are shown as cartoons and the
four copies of the covalent small molecule (S54; Cawood et al., 2020) are
highlighted as spheres. The DE loop that is involved in one of the tetramer
interfaces is shown in yellow and a schematic of the subunit arrangement in
the tetramer is shown on the right.

highly aggregation-prone and partially folded variant, AN6
(Esposito et al., 2000; Eichner et al., 2011; Karamanos et al.,
2014). While ANG6 retains a native-like immunoglobulin fold, the
protein is far from native; it is dynamic and weakly protected
from hydrogen exchange, contains a non-native trans Pro32
essential for aggregation into amyloid (Jahn et al., 2006), and
possess a re-packed hydrophobic core as a consequence of the loss
of the N-terminal six amino acids (Figure 1; Eichner et al., 2011).
These unique features of the AN6 amyloid precursor imply
specificity in the early stages of assembly, in that this species, and
no other, more highly unfolded states is the most amyloidogenic
species in the folding energy landscape (Karamanos et al., 2016).
For B,m, there is no simple relationship between thermodynamic
stability and amyloid aggregation, as exemplified by the murine
protein, mpB,m, which is less stable than ANG6, yet does not readily
aggregate into amyloid, at least under most conditions in vitro
(Karamanos et al., 2016). An interesting property of this system
is that the interaction of the AN6, hf,m and mf,m variants in
different combinations has different effects on the timecourse
of aggregation, with the AN6-mf,m interaction inhibiting the
aggregation of ANG6, while the AN6-hf,m interaction promotes
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the self-assembly of hf,m (Karamanos et al., 2014). The affinities
of both complexes are low (Kg ~50 and 500 WM, respectively),
yet clear evidence for a 1:1 interaction between the proteins can
be detected by NMR chemical shift perturbation and by NMR
PRE studies (Karamanos et al., 2014). Using this information,
ensembles were generated using intermolecular PRE values that
describe the association of these protein pairs in a quantitative
manner using simulated annealing docking calculations as shown
in Figure 5A (Karamanos et al., 2014). The resulting ensembles
showed that although similar parts of the proteins involving the
loops surrounding the important trans Pro32, are involved in
both interfaces, the structural ensembles are distinct: the interface
for the inhibitory AN6-mp,m interaction is less diffuse than
that of the AN6-hf,m complex and involves more hydrophobic
interactions than its amyloid-competent counterpart.

The visualization of these transient interactions is not only
a neat biophysical experiment that demonstrated a surprising
specificity to the transient ensembles that drive or inhibit
amyloid assembly, but it also led to the development of
new strategies to inhibit assembly of ANG6, by targeting the
early protein-protein interactions that drive assembly (Cawood
et al., 2020). Specifically, by taking advantage of the interfaces
identified, screening for a small molecule inhibitor of assembly
was performed using disulfide tethering, in which a unique
Cys was placed in the interface of interest and a library
of small molecules (each as a symmetrical disulfide) was
screened using ESI-MS (Cawood et al., 2020). The result was
a fragment that covalently binds to the interface region and
inhibits assembly by stabilizing an off-pathway tetramer (Cawood
et al., 2020; Figure 5B). Remarkably, the ligand-bound tetramer
was crystallized, providing an atomic-level view of a trapped
oligomer and a complete understanding of why this structure is
incompatible with the on-pathway dimer fold (Figure 5B). This
finding opens up opportunities to target heterogenous/transient
interactions that are normally considered undruggable in these
dynamic proteins, since the covalent tethering approach is
generic, does not require prior structural information and the
proteins involved lack a well-defined pocket. This contrasts with
the design principles of tafamidis that inhibits the aggregation of
transthyretin and is now in clinical use (Ruberg et al., 2019).

CONCLUSION

Dynamic protein states such as those involved in protein
misfolding and aggregation represent a challenge to structurally

REFERENCES

Adams, D., Koike, H., Slama, M., and Coelho, T. (2019). Hereditary transthyretin
amyloidosis: a model of medical progress for a fatal disease. Nat. Rev. Neurol.
15, 387-404. doi: 10.1038/541582-019-0210-4

Aguirre, C., Ikenaka, K., So, M., Maruno, T., Yamaguchi, K., Nakajima, K., et al.
(2022). Conformational change in the monomeric alpha-synuclein imparts
fibril polymorphs. bioRxiv [Preprint] bioRxiv: 2022.2002.2010.479831, doi: 10.
1101/2022.02.10.479831

Ahmed, M. C,, Skaanning, L. K., Jussupow, A., Newcombe, E. A., Kragelund, B. B.,
Camilloni, C., et al. (2021). Refinement of a-synuclein ensembles against saxs

characterize using X-ray crystallography and cryo-EM.
Generating realistic representations of these dynamic protein
systems requires measurement of a plethora of restraints using
an array of experimental methods that report on long- and short-
range interactions. Detailed understanding and appreciation of
how the timescale of protein conformational exchange affects
the interpretation of the experimental data is needed to generate
restraints that realistically describe the experimental parameters.
However, when these restraints are properly averaged to reflect
the time averaging of events occurring in solution, detailed
structural ensembles can be generated. Clustering of these
ensembles using powerful machine learning techniques holds
promise in understanding the structural propensities that cause
only a few of these molecules to self-assemble to pathological
aggregates and why other disordered species are aggregation-
resilient. With the progress in machine learning, combined with
proper treatment of experimental restraints, we may soon be able
to visualize dynamic protein ensembles in intricate detail and
pick out individual conformers able to drive or arrest protein
aggregation, including the downhill cascade into amyloid fibrils.

AUTHOR CONTRIBUTIONS

TKK wrote the first draft. TKK, APK, and SER contributed to
manuscript revision and conceptualization, read, and approved
the submitted version. All authors contributed to the article and
approved the submitted version.

FUNDING

TKK was supported by the University of Leeds University
Academic Fellowship and a Sir Henry Dale Fellowship jointly
funded by the Wellcome Trust and the Royal Society (Grant
No. 223268/Z/21/Z). SER was a Royal Society Research Professor
(RSRP/RI/211057).

ACKNOWLEDGMENTS

We thank our research groups and colleagues in the Astbury
Centre for many enlightening discussions, especially Anton
Calabrese for discussions on MS methods, Christos Pliotas for
discussion on EPR methods, and our group and collaborators for
the work on Bom and aSyn which we highlight here.

data: comparison of force fields and methods. Front. Mol. Biosci. 8:654333.
doi: 10.3389/fmolb.2021.654333

Alderson, T. R,, and Kay, L. E. (2021). Nmr spectroscopy captures the essential
role of dynamics in regulating biomolecular function. Cell 184, 577-595. doi:
10.1016/j.cell.2012.11.002

Allison, J. R., Varnai, P.,, Dobson, C. M., and Vendruscolo, M. (2009).
Determination of the free energy landscape of alpha-synuclein using spin label
nuclear magnetic resonance measurements. J. Am. Chem. Soc. 131, 18314—
18326. doi: 10.1021/ja904716h

Anthis, N. J., and Clore, G. M. (2015). Visualizing transient dark states by nmr
spectroscopy. Q. Rev. Biophys. 48, 1-82. doi: 10.1017/S0033583514000122

Frontiers in Neuroscience | www.frontiersin.org

March 2022 | Volume 16 | Article 881534


https://doi.org/10.1038/s41582-019-0210-4
https://doi.org/10.1101/2022.02.10.479831
https://doi.org/10.1101/2022.02.10.479831
https://doi.org/10.3389/fmolb.2021.654333
https://doi.org/10.1016/j.cell.2012.11.002
https://doi.org/10.1016/j.cell.2012.11.002
https://doi.org/10.1021/ja904716h
https://doi.org/10.1017/S0033583514000122
https://www.frontiersin.org/journals/neuroscience
https://www.frontiersin.org/
https://www.frontiersin.org/journals/neuroscience#articles

Karamanos et al.

Misfolded Protein Ensembles

Arai, M., Sugase, K., Dyson, H. J., and Wright, P. E. (2015). Conformational
propensities of intrinsically disordered proteins influence the mechanism of
binding and folding. Proc. Natl. Acad. Sci. U.S.A 112, 9614-9619. doi: 10.1073/
pnas.1512799112

Aubrey, L. D., Blakeman, B. J. F., Lutter, L., Serpell, C. J., Tuite, M. F., Xue,
W. F,, et al. (2020). Quantification of amyloid fibril polymorphism by nano-
morphometry reveals the individuality of filament assembly. Comm. Chem. 3,
125-135. doi: 10.1038/542004-020-00372-3

Biuerlein, F. J. B., and Baumeister, W. (2021). Towards visual proteomics at high
resolution. J. Mol. Biol. 433:167187. doi: 10.1016/j.jmb.2021.167187

Beerten, J., Schymkowitz, J., and Rousseau, F. (2012). Aggregation prone regions
and gatekeeping residues in protein sequences. Curr. Top. Med. Chem. 12,
2470-2478. doi: 10.2174/1568026611212220003

Belsom, A., and Rappsilber, J. (2021). Anatomy of a crosslinker. Curr. Opin. Chem.
Biol. 60, 39-46. doi: 10.1016/j.cbpa.2020.07.008

Benesch, J. L. P., Aquilina, J. A., Ruotolo, B. T., Sobott, F., and Robinson, C. V.
(2006). Tandem mass spectrometry reveals the quaternary organization of
macromolecular assemblies. Chem. Biol. 13, 597-605. doi: 10.1016/j.chembiol.
2006.04.006

Benson, M. D., Buxbaum, J. N., Eisenberg, D. S., Merlini, G., Saraiva,
M. J. M., Sekijima, Y., et al. (2020). Amyloid nomenclature 2020: update
and recommendations by the international society of amyloidosis (ISA)
nomenclature committee. Amyloid 27, 217-222. doi: 10.1080/13506129.2020.
1835263

Bernadd, P., Bertoncini, C. W., Griesinger, C., Zweckstetter, M., and Blackledge,
M. (2005a). Defining long-range order and local disorder in native alpha-
synuclein using residual dipolar couplings. J. Am. Chem. Soc. 127, 17968-17969.
doi: 10.1021/ja055538p

Bernadd, P., Blanchard, L., Timmins, P., Marion, D., Ruigrok, R. W. H., and
Blackledge, M. (2005b). A structural model for unfolded proteins from residual
dipolar couplings and small-angle x-ray scattering. Proc. Natl. Acad. Sci. U.S.A.
102, 17002-17007. doi: 10.1073/pnas.0506202102

Beveridge, R., and Calabrese, A. N. (2021). Structural proteomics methods
to interrogate the conformations and dynamics of intrinsically disordered
proteins. Front. Chem. 9:603639. doi: 10.3389/fchem.2021.603639

Beveridge, R., Migas, L. G., Das, R. K., Pappu, R. V., Kriwacki, R. W., and Barran,
P. E. (2019). Ton mobility mass spectrometry uncovers the impact of the
patterning of oppositely charged residues on the conformational distributions
of intrinsically disordered proteins. J. Am. Chem. Soc. 141, 4908-4918. doi:
10.1021/jacs.8b13483

Bondos, S. E., Dunker, A. K., and Uversky, V. N. (2021). On the roles of intrinsically
disordered proteins and regions in cell communication and signaling. Cell Com.
Signal. 19, 1-9. doi: 10.1186/s12964-021-00774-3

Bonomi, M., Heller, G. T., Camilloni, C., and Vendruscolo, M. (2017). Principles
of protein structural ensemble determination. Curr. Opin. Struct. Biol. 42,
106-116. doi: 10.1016/j.sb1.2016.12.004

Borgia, A., Zheng, W., Buholzer, K., Borgia, M. B., Schiiler, A., Hofmann, H., et al.
(2016). Consistent view of polypeptide chain expansion in chemical denaturants
from multiple experimental methods. J. Am. Chem. Soc. 138, 11714-11726.
doi: 10.1021/jacs.6b05917

Borysik, A. J., Kovacs, D., Guharoy, M., and Tompa, P. (2015). Ensemble methods
enable a new definition for the solution to gas-phase transfer of intrinsically
disordered proteins. J. Am. Chem. Soc. 137, 13807-13817. doi: 10.1021/jacs.
5b06027

Bottaro, S., and Lindorff-Larsen, K. (2018). Biophysical experiments and
biomolecular simulations: a perfect match? Science 361, 355-360. doi: 10.1126/
science.aat4010

Britt, H. M., Cragnolini, T., and Thalassinos, K. (2021). Integration of mass
spectrometry data for structural biology. Chem. Rev. doi: 10.1021/acs.chemrev.
1c00356

Buell, A. K., Dhulesia, A., Mossuto, M. F., Cremades, N., Kumita, J. R., Dumoulin,
M., et al. (2011). Population of nonnative states of lysozyme variants drives
amyloid fibril formation. J. Am. Chem. Soc. 133, 7737-7743. doi: 10.1021/
j2109620d

Buell, A. K., Galvagnion, C., Gaspar, R., Sparr, E., Vendruscolo, M., Knowles,
T. P.J., et al. (2014). Solution conditions determine the relative importance of
nucleation and growth processes in a-synuclein aggregation. Proc. Natl. Acad.
Sci. U.S.A 111, 7671-7676. doi: 10.1073/pnas.1315346111

Calabrese, A. N., Schiffrin, B., Watson, M., Karamanos, T. K., Walko, M., Humes,
J. R, et al. (2020). Inter-domain dynamics in the chaperone sura and multi-
site binding to its outer membrane protein clients. Nat. Commun. 11:2155.
doi: 10.1038/s41467-020-15702-1

Cassaignau, A. M. E., Cabrita, L. D., and Christodoulou, J. (2020). How does the
ribosome fold the proteome? Annu. Rev. Biochem. 89, 389-415. doi: 10.1146/
annurev-biochem-062917-012226

Cavalli, A., Camilloni, C., and Vendruscolo, M. (2013). Molecular dynamics
simulations with replica-averaged structural restraints generate structural
ensembles according to the maximum entropy principle. J. Chem. Phys.
138:094112. doi: 10.1063/1.4793625

Cawood, E. E., Guthertz, N., Ebo, J. S., Karamanos, T. K., Radford, S. E., and
Wilson, A. J. (2020). Modulation of amyloidogenic protein self-assembly using
tethered small molecules. J. Am. Chem. Soc. 142, 20845-20854. doi: 10.1021/
jacs.0c10629

Cawood, E. E., Karamanos, T. K., Wilson, A. J., and Radford, S. E. (2021).
Visualizing and trapping transient oligomers in amyloid assembly pathways.
Biophys. Chem. 268:106505. doi: 10.1016/j.bpc.2020.106505

Chen, D., Drombosky, K. W., Hou, Z., Sari, L., Kashmer, O. M., Ryder, B. D,
etal. (2019). Tau local structure shields an amyloid-forming motif and controls
aggregation propensity. Nat. Commun. 10:2493. doi: 10.1038/s41467-019-
10355-1

Chen, J., Zaer, S., Drori, P., Zamel, J., Joron, K., Kalisman, N., et al. (2021).
The structural heterogeneity of a-synuclein is governed by several distinct
subpopulations with interconversion times slower than milliseconds. Structure
29, 1048-1064. doi: 10.1016/j.str.2021.05.002

Chiliveri, S. C., Robertson, A. J., Shen, Y., Torchia, D. A., and Bax, A. (2021).
Advances in nmr spectroscopy of weakly aligned biomolecular systems. Cherm.
Rev. doi: 10.1021/acs.chemrev.1c00730

Chiti, F., and Dobson, C. M. (2017). Protein misfolding, amyloid formation,
and human disease: a summary of progress over the last decade. Annu. Rev.
Biochem. 86, 27-68. doi: 10.1146/annurev-biochem-061516-045115

Clore, G. M., and Iwahara, J. (2009). Theory, practice, and applications of
paramagnetic relaxation enhancement for the characterization of transient low-
population states of biological macromolecules and their complexes. Chem. Rev.
109, 4108-4139. doi: 10.1021/cr900033p

Dass, R., Corliano, E., and Mulder, F. A. A. (2021). The contribution of
electrostatics to hydrogen exchange in the unfolded protein state. Biophys. J.
120, 4107-4114. doi: 10.1016/j.bpj.2021.08.003

Dear, A. J., Michaels, T. C. T., Meisl, G., Klenerman, D., Wu, S., Perrett, S., et al.
(2020). Kinetic diversity of amyloid oligomers. Proc. Natl. Acad. Sci. U.S.A
117:12087. doi: 10.1073/pnas.1922267117

Dedmon, M. M., Lindorff-Larsen, K., Christodoulou, J., Vendruscolo, M., and
Dobson, C. M. (2005). Mapping long-range interactions in alpha-synuclein
using spin-label nmr and ensemble molecular dynamics simulations. J. Am.
Chem. Soc. 127, 476-477. doi: 10.1021/ja044834;j

Deuerling, E., Gamerdinger, M., and Kreft, S. G. (2019). Chaperone interactions
at the ribosome. Cold Spring Harb. Perspect. Biol. 11:a033977. doi: 10.1101/
cshperspect.a033977

Devine, P. W. A,, Fisher, H. C., Calabrese, A. N., Whelan, F., Higazi, D. R., Potts,
J. R, etal. (2017). Investigating the structural compaction of biomolecules upon
transition to the gas-phase using esi-twims-ms. J. Am. Soc. Mass Spectrom. 28,
1855-1862. doi: 10.1007/s13361-017-1689-9

Dhulesia, A., Cremades, N., Kumita, J. R., Hsu, S.-T. D., Mossuto, M. F., Dumoulin,
M., et al. (2010). Local cooperativity in an amyloidogenic state of human
lysozyme observed at atomic resolution. J. Am. Chem. Soc. 132, 15580-15588.
doi: 10.1021/ja103524m

Doherty, C. P. A,, Ulamec, S. M., Maya-Martinez, R., Good, S. C., Makepeace, J.,
Khan, G. N,, et al. (2020). A short motif in the n-terminal region of a-synuclein
is critical for both aggregation and function. Nat. Struct. Mol. Biol. 27, 249-259.
doi: 10.1038/s41594-020-0384-x

Dyson, H. J., and Wright, P. E. (2021). Nmr illuminates intrinsic disorder. Curr.
Opin. Struct. Biol. 70, 44-52. doi: 10.1016/.sbi.2021.03.015

Ebo, J. S., Guthertz, N., Radford, S. E., and Brockwell, D. J. (2020). Using protein
engineering to understand and modulate aggregation. Curr. Opin. Struct. Biol.
60, 157-166. doi: 10.1016/.sbi.2020.01.005

Eichner, T., and Radford, S. E. (2011). A diversity of assembly mechanisms of a
generic amyloid fold. Mol. Cell 43, 8-18. doi: 10.1016/j.molcel.2011.05.012

Frontiers in Neuroscience | www.frontiersin.org

March 2022 | Volume 16 | Article 881534


https://doi.org/10.1073/pnas.1512799112
https://doi.org/10.1073/pnas.1512799112
https://doi.org/10.1038/s42004-020-00372-3
https://doi.org/10.1016/j.jmb.2021.167187
https://doi.org/10.2174/1568026611212220003
https://doi.org/10.1016/j.cbpa.2020.07.008
https://doi.org/10.1016/j.chembiol.2006.04.006
https://doi.org/10.1016/j.chembiol.2006.04.006
https://doi.org/10.1080/13506129.2020.1835263
https://doi.org/10.1080/13506129.2020.1835263
https://doi.org/10.1021/ja055538p
https://doi.org/10.1073/pnas.0506202102
https://doi.org/10.3389/fchem.2021.603639
https://doi.org/10.1021/jacs.8b13483
https://doi.org/10.1021/jacs.8b13483
https://doi.org/10.1186/s12964-021-00774-3
https://doi.org/10.1016/j.sbi.2016.12.004
https://doi.org/10.1021/jacs.6b05917
https://doi.org/10.1021/jacs.5b06027
https://doi.org/10.1021/jacs.5b06027
https://doi.org/10.1126/science.aat4010
https://doi.org/10.1126/science.aat4010
https://doi.org/10.1021/acs.chemrev.1c00356
https://doi.org/10.1021/acs.chemrev.1c00356
https://doi.org/10.1021/ja109620d
https://doi.org/10.1021/ja109620d
https://doi.org/10.1073/pnas.1315346111
https://doi.org/10.1038/s41467-020-15702-1
https://doi.org/10.1146/annurev-biochem-062917-012226
https://doi.org/10.1146/annurev-biochem-062917-012226
https://doi.org/10.1063/1.4793625
https://doi.org/10.1021/jacs.0c10629
https://doi.org/10.1021/jacs.0c10629
https://doi.org/10.1016/j.bpc.2020.106505
https://doi.org/10.1038/s41467-019-10355-1
https://doi.org/10.1038/s41467-019-10355-1
https://doi.org/10.1016/j.str.2021.05.002
https://doi.org/10.1021/acs.chemrev.1c00730
https://doi.org/10.1146/annurev-biochem-061516-045115
https://doi.org/10.1021/cr900033p
https://doi.org/10.1016/j.bpj.2021.08.003
https://doi.org/10.1073/pnas.1922267117
https://doi.org/10.1021/ja044834j
https://doi.org/10.1101/cshperspect.a033977
https://doi.org/10.1101/cshperspect.a033977
https://doi.org/10.1007/s13361-017-1689-9
https://doi.org/10.1021/ja103524m
https://doi.org/10.1038/s41594-020-0384-x
https://doi.org/10.1016/j.sbi.2021.03.015
https://doi.org/10.1016/j.sbi.2020.01.005
https://doi.org/10.1016/j.molcel.2011.05.012
https://www.frontiersin.org/journals/neuroscience
https://www.frontiersin.org/
https://www.frontiersin.org/journals/neuroscience#articles

Karamanos et al.

Misfolded Protein Ensembles

Eichner, T., Kalverda, A. P., Thompson, G. S., Homans, S. W., and Radford,
S. E. (2011). Conformational conversion during amyloid formation at atomic
resolution. Mol. Cell 41, 161-172. doi: 10.1016/j.molcel.2010.11.028

Esposito, G., Michelutti, R., Verdone, G., Viglino, P., Hernandez, H., Robinson,
C. V,, et al. (2000). Removal of the n-terminal hexapeptide from human B2-
microglobulin facilitates protein aggregation and fibril formation. Protein Sci.
9, 831-845. doi: 10.1110/ps.9.5.831

Faull, S. V., Lau, A. M. C., Martens, C., Ahdash, Z., Hansen, K., Yebenes, H.,
et al. (2019). Structural basis of cullin 2 ring e3 ligase regulation by the cop9
signalosome. Nat. Commun. 10, 1-13. doi: 10.1038/s41467-019-11772-y

Fusco, G., Chen Serene, W., Williamson Philip, T. F., Cascella, R., Perni, M., Jarvis
James, A., et al. (2017). Structural basis of membrane disruption and cellular
toxicity by a-synuclein oligomers. Science 358, 1440-1443. doi: 10.1126/science.
aan6160

Gejyo, F., Yamada, T., Odani, S., Nakagawa, Y., Arakawa, M., Kunitomo, T., et al.
(1985). A new form of amyloid protein associated with chronic hemodialysis
was identified as B2-microglobulin. Biochem. Biophys. Res. Commun. 129,
701-706. doi: 10.1016/0006-291X(85)91948-5

Gomes, G.-N. W., Krzeminski, M., Namini, A., Martin, E. W., Mittag, T,
Head-Gordon, T., et al. (2020). Conformational ensembles of an intrinsically
disordered protein consistent with nmr, saxs, and single-molecule fret. J. Am.
Chem. Soc. 142, 15697-15710. doi: 10.1021/jacs.0c02088

Holmstrom, E. D., Holla, A., Zheng, W., Nettels, D., Best, R. B., and Schuler,
B. (2018). Accurate transfer efficiencies, distance distributions, and ensembles
of unfolded and intrinsically disordered proteins from single-molecule fret.
Methods Enzymol. 611, 287-325. doi: 10.1016/bs.mie.2018.09.030

Hoop, C. L., Zhu, J., Bhattacharya, S., Tobita, C. A., Radford, S. E., and Baum, J.
(2020). Collagen i weakly interacts with the B-sheets of f2-microglobulin and
enhances conformational exchange to induce amyloid formation. J. Am. Chem.
Soc. 142, 1321-1331. doi: 10.1021/jacs.9b10421

Horne, J. E., Walko, M., Calabrese, A. N., Levenstein, M. A., Brockwell, D. J.,
Kapur, N, et al. (2018). Rapid mapping of protein interactions using tag-
transfer photocrosslinkers. Angew. Chem. Int. Ed. Engl. 57, 16688-16692. doi:
10.1002/anie.201809149

Houben, B., Rousseau, F., and Schymkowitz, J. (2022). Protein structure and
aggregation: A marriage of necessity ruled by aggregation gatekeepers. Trends
Biochem. Sci. 47, 194-205. doi: 10.1016/j.tibs.2021.08.010

Hu, W., Walters, B. T., Kan, Z.-Y., Mayne, L., Rosen, L. E., Marqusee, S., et al.
(2013). Stepwise protein folding at near amino acid resolution by hydrogen
exchange and mass spectrometry. Proc. Natl. Acad. Sci. U.S.A. 110:7684. doi:
10.1073/pnas.1305887110

Huang, J.-R,, and Grzesiek, S. (2010). Ensemble calculations of unstructured
proteins constrained by rdc and pre data: a case study of urea-denatured
ubiquitin. J. Am. Chem. Soc. 132, 694-705. doi: 10.1021/ja907974m

Hummer, G., and Koéfinger, J. (2015). Bayesian ensemble refinement by replica
simulations and reweighting. J. Chem. Phys. 143:243150. doi: 10.1063/1.4937786

Iadanza, M. G., Jackson, M. P., Hewitt, E. W., Ranson, N. A., and Radford, S. E.
(2018). A new era for understanding amyloid structures and disease. Nat. Rev.
Mol. Cell Biol. 130(Suppl. 1):88. doi: 10.1212/WNL.0000000000002461

Iwahara, J., and Clore, G. M. (2006). Detecting transient intermediates in
macromolecular binding by paramagnetic nmr. Nature 440, 1227-1230. doi:
10.1038/nature04673

Iwahara, J., Schwieters, C. D., and Clore, G. M. (2004). Ensemble approach for nmr
structure refinement against 1h paramagnetic relaxation enhancement data
arising from a flexible paramagnetic group attached to a macromolecule. J. Am.
Chem. Soc. 126, 5879-5896. doi: 10.1021/ja031580d

Jahn, T. R., Parker, M. J., Homans, S. W., and Radford, S. E. (2006). Amyloid
formation under physiological conditions proceeds via a native-like folding
intermediate. Nat. Struct. Mol. Biol. 13, 195-201. doi: 10.1038/nsmb1058

Janowska, M. K., and Baum, J. (2016). “Intermolecular paramagnetic relaxation
enhancement (pre) studies of transient complexes in intrinsically disordered
proteins,” in Protein Amyloid Aggregation: Methods And Protocols, ed. D.
Eliezer (New York, NY: Springer New York), 45-53. doi: 10.1007/978-1-4939-2
978-8_3

Janowska, M. K., Wu, K.-P., and Baum, J. (2015). Unveiling transient protein-
protein interactions that modulate inhibition of alpha-synuclein aggregation by
beta-synuclein, a pre-synaptic protein that co-localizes with alpha-synuclein.
Sci. Rep. 5:15164. doi: 10.1038/srep15164

Jaynes, E. T. (1957). Information theory and statistical mechanics. Phys. Rev. 106,
620-630. doi: 10.1103/PhysRev.106.620

Jensen, M. R., Ruigrok, R. W. H., and Blackledge, M. (2013). Describing
intrinsically disordered proteins at atomic resolution by nmr. Curr. Opin.
Struct. Biol. 23, 426-435. doi: 10.1016/j.sb1.2013.02.007

Jeschke, G. (2012). Deer distance measurements on proteins. Annu. Rev. Phys.
Chem. 63, 419-446. doi: 10.1146/annurev-physchem-032511-143716

Jeschke, G. (2018). The contribution of modern epr to structural biology. Emerg.
Top. Life Sci. 2, 9-18. doi: 10.1042/ETLS20170143

Jumper, J., Evans, R,, Pritzel, A., Green, T., Figurnov, M., Ronneberger, O., et al.
(2021). Highly accurate protein structure prediction with alphafold. Nature 596,
583-589. doi: 10.1038/s41586-021-03819-2

Kapsalis, C., Wang, B., El Mkami, H,, Pitt, S. J., Schnell, J. R, Smith, T. K,, et al.
(2019). Allosteric activation of an ion channel triggered by modification of
mechanosensitive nano-pockets. Nat. Commun. 10:4619. doi: 10.1038/s41467-
019-12591-x

Karamanos, T. K., Jackson, M. P., Calabrese, A. N., Goodchild, S. C., Cawood, E. E.,
Thompson, G. S., et al. (2019). Structural mapping of oligomeric intermediates
in an amyloid assembly pathway. eLife 8:e46574. doi: 10.7554/eLife.46574

Karamanos, T. K., Kalverda, A. P., Thompson, G. S., and Radford, S. E. (2014).
Visualization of transient protein-protein interactions that promote or inhibit
amyloid assembly. Mol. Cell 55, 214-226. doi: 10.1016/j.molcel.2014.05.026

Karamanos, T. K., Kalverda, A. P., Thompson, G. S., and Radford, S. E. (2015).
Mechanisms of amyloid formation revealed by solution nmr. Progr. Nucl. Magn.
Res. Spectr. 88-89, 86-104. doi: 10.1016/j.pnmrs.2015.05.002

Karamanos, T. K., Pashley, C. L., Kalverda, A. P., Thompson, G. S., Mayzel, M.,
Orekhov, V. Y., et al. (2016). A population shift between sparsely populated
folding intermediates determines amyloidogenicity. J. Am. Chem. Soc. 138,
6271-6280. doi: 10.1021/jacs.6b02464

Kateb, F., Pelupessy, P., and Bodenhausen, G. (2007). Measuring fast hydrogen
exchange rates by nmr spectroscopy. . Magn. Reson. 184, 108-113. doi: 10.1016/
j.jmr.2006.09.022

Knowles, T. P. J., Vendruscolo, M., and Dobson, C. M. (2014). The amyloid state
and its association with protein misfolding diseases. Nat. Rev. Mol. Cell Biol. 15,
384-396. doi: 10.1038/nrm3810

Knowles, T. P. J., Waudby, C. A., Devlin, G. L., Cohen, S. I. A., Aguzzi, A.,
Vendruscolo, M., et al. (2009). An analytical solution to the kinetics of breakable
filament assembly. Science 326, 1533-1537. doi: 10.1126/science.1178250

Krzeminski, M., Marsh, J. A., Neale, C., Choy, W.-Y., and Forman-Kay, J. D.
(2013). Characterization of disordered proteins with ensemble. Bioinformatics
29, 398-399. doi: 10.1093/bioinformatics/bts701

Kulesza, A., Marklund, E. G., MacAleese, L., Chirot, F., and Dugourd, P. (2018).
Bringing molecular dynamics and ion-mobility spectrometry closer together:
shape correlations, structure-based predictors, and dissociation. J. Phys. Chem.
B 122, 8317-8329. doi: 10.1021/acs.jpcb.8b03825

Laganowsky, A., Liu, C., Sawaya Michael, R., Whitelegge Julian, P., Park, J., Zhao,
M, et al. (2012). Atomic view of a toxic amyloid small oligomer. Science 335,
1228-1231. doi: 10.1126/science.1213151

Lewkowicz, E., and Gursky, O. (2022). Dynamic protein structures in normal
function and pathologic misfolding in systemic amyloidosis. Biophys. Chem.
280:106699. doi: 10.1016/j.bpc.2021.106699

Lichtenthaler, S. F., Tschirner, S. K., and Steiner, H. (2022). Secretases in alzheimer’s
disease: novel insights into proteolysis of app and trem2. Curr. Opin. Neurobiol.
72,101-110. doi: 10.1016/j.conb.2021.09.003

Lieberman, A. P., Shakkottai, V. G., and Albin, R. L. (2019). Polyglutamine
repeats in neurodegenerative diseases. Annu. Rev. Pathol. 14,1-27. doi: 10.1146/
annurev- pathmechdis-012418-012857

Lincoff, J., Haghighatlari, M., Krzeminski, M., Teixeira, J. M. C., Gomes, G.-N. W.,
Gradinaru, C. C, et al. (2020). Extended experimental inferential structure
determination method in determining the structural ensembles of disordered
protein states. Comm. Chem. 3:74. doi: 10.1038/s42004-020-0323-0

Lipari, G., and Szabo, A. (1982a). Model-free approach to the interpretation of
nuclear magnetic resonance relaxation in macromolecules. 1. Theory and range
of validity. J. Am. Chem. Soc. 104, 4546-4559. doi: 10.1021/ja00381a009

Lipari, G., and Szabo, A. (1982b). Model-free approach to the interpretation
of nuclear magnetic resonance relaxation in macromolecules. 2. Analysis
of experimental results. J. Am. Chem. Soc. 104, 4559-4570. doi: 10.1021/
ja00381a010

Frontiers in Neuroscience | www.frontiersin.org

March 2022 | Volume 16 | Article 881534


https://doi.org/10.1016/j.molcel.2010.11.028
https://doi.org/10.1110/ps.9.5.831
https://doi.org/10.1038/s41467-019-11772-y
https://doi.org/10.1126/science.aan6160
https://doi.org/10.1126/science.aan6160
https://doi.org/10.1016/0006-291X(85)91948-5
https://doi.org/10.1021/jacs.0c02088
https://doi.org/10.1016/bs.mie.2018.09.030
https://doi.org/10.1021/jacs.9b10421
https://doi.org/10.1002/anie.201809149
https://doi.org/10.1002/anie.201809149
https://doi.org/10.1016/j.tibs.2021.08.010
https://doi.org/10.1073/pnas.1305887110
https://doi.org/10.1073/pnas.1305887110
https://doi.org/10.1021/ja907974m
https://doi.org/10.1063/1.4937786
https://doi.org/10.1212/WNL.0000000000002461
https://doi.org/10.1038/nature04673
https://doi.org/10.1038/nature04673
https://doi.org/10.1021/ja031580d
https://doi.org/10.1038/nsmb1058
https://doi.org/10.1007/978-1-4939-2978-8_3
https://doi.org/10.1007/978-1-4939-2978-8_3
https://doi.org/10.1038/srep15164
https://doi.org/10.1103/PhysRev.106.620
https://doi.org/10.1016/j.sbi.2013.02.007
https://doi.org/10.1146/annurev-physchem-032511-143716
https://doi.org/10.1042/ETLS20170143
https://doi.org/10.1038/s41586-021-03819-2
https://doi.org/10.1038/s41467-019-12591-x
https://doi.org/10.1038/s41467-019-12591-x
https://doi.org/10.7554/eLife.46574
https://doi.org/10.1016/j.molcel.2014.05.026
https://doi.org/10.1016/j.pnmrs.2015.05.002
https://doi.org/10.1021/jacs.6b02464
https://doi.org/10.1016/j.jmr.2006.09.022
https://doi.org/10.1016/j.jmr.2006.09.022
https://doi.org/10.1038/nrm3810
https://doi.org/10.1126/science.1178250
https://doi.org/10.1093/bioinformatics/bts701
https://doi.org/10.1021/acs.jpcb.8b03825
https://doi.org/10.1126/science.1213151
https://doi.org/10.1016/j.bpc.2021.106699
https://doi.org/10.1016/j.conb.2021.09.003
https://doi.org/10.1146/annurev-pathmechdis-012418-012857
https://doi.org/10.1146/annurev-pathmechdis-012418-012857
https://doi.org/10.1038/s42004-020-0323-0
https://doi.org/10.1021/ja00381a009
https://doi.org/10.1021/ja00381a010
https://doi.org/10.1021/ja00381a010
https://www.frontiersin.org/journals/neuroscience
https://www.frontiersin.org/
https://www.frontiersin.org/journals/neuroscience#articles

Karamanos et al.

Misfolded Protein Ensembles

Lorieau, J. L., Louis, J. M., Schwieters, C. D., and Bax, A. (2012). Ph-triggered,
activated-state conformations of the influenza hemagglutinin fusion peptide
revealed by nmr. Proc. Natl. Acad. Sci. U.S.A. 109:19994. doi: 10.1073/pnas.
1213801109

Mamigonian, B. L., Serafima, G., Camacho-Zarco, A. R., Nicola, S., Damien,
M., Marifo, P. L., et al. (2022). The intrinsically disordered sars-cov-2
nucleoprotein in dynamic complex with its viral partner nsp3a. Sci. Adv.
8:eabm4034. doi: 10.1126/sciadv.abm4034

Mathieu, C., Pappu Rohit, V., and Taylor, J. P. (2020). Beyond aggregation:
pathological phase transitions in neurodegenerative disease. Science 370, 56-60.
doi: 10.1126/science.abb8032

Meier, S., Blackledge, M., and Grzesiek, S. (2008). Conformational distributions of
unfolded polypeptides from novel nmr techniques. J. Chem. Phys. 128:052204.
doi: 10.1063/1.2838167

Merchant, K. A., Best, R. B., Louis, ]. M., Gopich, I. V., and Eaton, W. A.
(2007). Characterizing the unfolded states of proteins using single-molecule fret
spectroscopy and molecular simulations. Proc. Natl. Acad. Sci. U.S.A. 104:1528.
doi: 10.1073/pnas.0607097104

Mertens, H. D. T., and Svergun, D. I. (2017). Combining nmr and small angle x-ray
scattering for the study of biomolecular structure and dynamics. Arch. Biochem.
Biophys. 628, 33-41. doi: 10.1016/j.abb.2017.05.005

Michaels, T. C. T., Sari¢, A., Curk, S., Bernfur, K., Arosio, P., Meisl, G., et al.
(2020). Dynamics of oligomer populations formed during the aggregation of
alzheimer’s ap42 peptide. Nat. Chem. 12, 445-451. doi: 10.1038/s41557-020-
0452-1

Moons, R., Konijnenberg, A., Mensch, C., Van Elzen, R., Johannessen, C.,
Maudsley, S., et al. (2020). Metal ions shape a-synuclein. Sci. Rep. 10:16293.
doi: 10.1038/s41598-020-73207-9

Morgan, G. J., Buxbaum, J. N., and Kelly, J. W. (2021). Light chain stabilization:
a therapeutic approach to ameliorate al amyloidosis. Hemato 2, 645-659. doi:
10.3390/hemato2040042

Naudi-Fabra, S., Tengo, M., Jensen, M. R., Blackledge, M., and Milles, S. (2021).
Quantitative description of intrinsically disordered proteins using single-
molecule FRET, NMR, and SAXS. J. Am. Chem. Soc. 143, 20109-20121. doi:
10.1021/jacs.1c06264

Noé, F., Tkatchenko, A., Miiller, K.-R., and Clementi, C. (2020). Machine learning
for molecular simulation. Annu. Rev. Phys. Chem. 71, 361-390. doi: 10.1146/
annurev-physchem-042018-052331

O’Reilly, F. J., and Rappsilber, J. (2018). Cross-linking mass spectrometry: methods
and applications in structural, molecular and systems biology. Nat. Struct. Mol.
Biol. 25, 1000-1008. doi: 10.1038/s41594-018-0147-0

Osterlund, N., Moons, R., Ilag, L. L., Sobott, F., and Grislund, A. (2019). Native ion
mobility-mass spectrometry reveals the formation of p-barrel shaped amyloid-
p hexamers in a membrane-mimicking environment. J. Am. Chem. Soc. 141,
10440-10450. doi: 10.1021/jacs.9b04596

Papaleo, E., Mereghetti, P., Fantucci, P., Grandori, R., and De Gioia, L. (2009). Free-
energy landscape, principal component analysis, and structural clustering to
identify representative conformations from molecular dynamics simulations:
the myoglobin case. . Mol. Graph. Model. 27, 889-899. doi: 10.1016/j.jmgm.
2009.01.006

Pietrek, L. M., Stelzl, L. S., and Hummer, G. (2020). Hierarchical ensembles of
intrinsically disordered proteins at atomic resolution in molecular dynamics
simulations. J. Chem. Theory Comput. 16, 725-737. doi: 10.1021/acs.jctc.
9b00809

Politis, A., Stengel, F., Hall, Z., Hernandez, H., Leitner, A., Walzthoeni, T., et al.
(2014). A mass spectrometry-based hybrid method for structural modeling of
protein complexes. Nat. Methods 11, 403-406. doi: 10.1038/nmeth.2841

Radford, S. E., Dobson, C. M., and Evans, P. A. (1992). The folding of hen lysozyme
involves partially structured intermediates and multiple pathways. Nature 358,
302-307. doi: 10.1038/358302a0

Radou, G., Dreyer, F. N,, Tuma, R., and Paci, E. (2014). Functional dynamics of
hexameric helicase probed by hydrogen exchange and simulation. Biophys. J.
107, 983-990. doi: 10.1016/j.bp;j.2014.06.039

Rajabi, K., Ashcroft, A. E., and Radford, S. E. (2015). Mass spectrometric methods
to analyze the structural organization of macromolecular complexes. Methods
89, 13-21. doi: 10.1016/j.ymeth.2015.03.004

Reif, B., Ashbrook, S. E., Emsley, L., and Hong, M. (2021). Solid-state nmr
spectroscopy. Nat. Rev. Meth. Primers 1, 1-23. doi: 10.1002/9780470999394.ch1

Relini, A., Canale, C., De Stefano, S., Rolandi, R., Giorgetti, S., Stoppini, M., et al.
(2006). Collagen plays an active role in the aggregation of beta2-microglobulin
under physiopathological conditions of dialysis-related amyloidosis. J. Biol.
Chem. 281, 16521-16529. doi: 10.1074/jbc.M513827200

Roberts, S. J., Husmeier, D., Rezek, L, and Penny, W. (1998). Bayesian approaches
to gaussian mixture modeling. IEEE Trans. Pattern Anal. Mach. Intell. 20,
1133-1142. doi: 10.1109/34.730550

Robustelli, P., Kohlhoff, K., Cavalli, A., and Vendruscolo, M. (2010). Using nmr
chemical shifts as structural restraints in molecular dynamics simulations of
proteins. Structure 18, 923-933. doi: 10.1016/j.5tr.2010.04.016

Robustelli, P., Stafford, K. A., and Palmer, I. I. I. A. G. (2012). Interpreting
protein structural dynamics from nmr chemical shifts. J. Am. Chem. Soc. 134,
6365-6374. doi: 10.1021/ja300265w

Roux, B., and Weare, J. (2013). On the statistical equivalence of restrained-
ensemble simulations with the maximum entropy method. J. Chem. Phys.
138:084107. doi: 10.1063/1.4792208

Roy, R., Hohng, S., and Ha, T. (2008). A practical guide to single-molecule fret. Nat.
Methods 5, 507-516. doi: 10.1038/nmeth.1208

Rozycki, B., Kim, Y. C., and Hummer, G. (2011). Saxs ensemble refinement of escrt-
III chmp3 conformational transitions. Structure 19, 109-116. doi: 10.1016/j.str.
2010.10.006

Ruberg, F. L., Grogan, M., Hanna, M., Kelly, J. W., and Maurer, M. S. (2019).
Transthyretin amyloid cardiomyopathy: JACC state-of-the-art review. J. Am.
Coll. Cardiol. 73, 2872-2891. doi: 10.1016/j.jacc.2019.04.003

Russmann, C., Beato, M., Stollhof, J., Weiss, C., and Beigang, R. (1998). Two
wavelength femtosecond laser induced DNA-protein crosslinking. Nucleic Acids
Res. 26, 3967-3970. doi: 10.1093/nar/26.17.3967

Saibil, H. R. (2022). Cryo-em in molecular and cellular biology. Mol. Cell 82,
274-284. doi: 10.1016/j.molcel.2021.12.016

Salmon, L., Pierce, L., Grimm, A., Ortega Roldan, J.-L., Mollica, L., Jensen, M. R.,
et al. (2012). Multi-timescale conformational dynamics of the sh3 domain
of cd2-associated protein using nmr spectroscopy and accelerated molecular
dynamics. Angew. Chem. Int. Ed. Engl. 51, 6103-6106. doi: 10.1002/anie.
201202026

Salvi, N., Abyzov, A., and Blackledge, M. (2016). Multi-timescale dynamics
in intrinsically disordered proteins from nmr relaxation and molecular
simulation. J. Phys. Chem. Lett. 7, 2483-2489. doi: 10.1021/acs.jpclett.6b00885

Sawaya, M. R,, Hughes, M. P., Rodriguez, J. A., Riek, R., and Eisenberg, D. S. (2021).
The expanding amyloid family: structure, stability, function, and pathogenesis.
Cell 184, 4857-4873. doi: 10.1016/j.cell.2021.08.013

Scarff, C. A., Sicorello, A., Tomé, R. J. L., Macedo-Ribeiro, S., Ashcroft, A. E., and
Radford, S. E. (2013). A tale of a tail: structural insights into the conformational
properties of the polyglutamine protein ataxin-3. Int. J. Mass Spectrom. 345-347,
63-70. doi: 10.1016/j.ijms.2012.08.032

Schuler, B., and Eaton, W. A. (2008). Protein folding studied by single-molecule
fret. Curr. Opin. Struct. Biol. 18, 16-26. doi: 10.1016/.sbi.2007.12.003

Schwalbe, M., Ozenne, V., Bibow, S., Jaremko, M., Jaremko, L., Gajda, M., et al.
(2014). Predictive atomic resolution descriptions of intrinsically disordered
htau40 and o-synuclein in solution from nmr and small angle scattering.
Structure 22, 238-249. doi: 10.1016/j.str.2013.10.020

Seetaloo, N., Zacharopoulou, M., Stephens, A. D., Kaminski Schierle, G. S., and
Phillips, J. J. (2022). Local structural dynamics of alpha-synuclein correlate with
aggregation in different physiological conditions. bioRxiv [Preprint] bioRxiv:
2022.2002.2011.480045, doi: 10.1101/2022.02.11.480045

Segawa, T., Kateb, F., Duma, L., Bodenhausen, G., and Pelupessy, P. (2008).
Exchange rate constants of invisible protons in proteins determined by nmr
spectroscopy. Chembiochem 9, 537-542. doi: 10.1002/cbic.200700600

Serpell, L. C., Radford, S. E., and Otzen, D. E. (2021). Alphafold: a special issue and
a special time for protein science. J. Mol. Biol. 433:167231. doi: 10.1016/j.jmb.
2021.167231

Sgourakis, N. G., Yan, Y., McCallum, S. A., Wang, C., and Garcia, A. E. (2007).
The alzheimer’s peptides ap40 and 42 adopt distinct conformations in water:
a combined md / nmr study. J. Mol. Biol. 368, 1448-1457. doi: 10.1016/j.jmb.
2007.02.093

Shen, Y., Lange, O., Delaglio, F., Rossi, P., Aramini, J. M., Liu, G, et al.
(2008). Consistent blind protein structure generation from nmr chemical shift
data. Proc. Natl. Acad. Sci. U.S.A. 105, 4685-4690. doi: 10.1073/pnas.080106
9105

Frontiers in Neuroscience | www.frontiersin.org

March 2022 | Volume 16 | Article 881534


https://doi.org/10.1073/pnas.1213801109
https://doi.org/10.1073/pnas.1213801109
https://doi.org/10.1126/sciadv.abm4034
https://doi.org/10.1126/science.abb8032
https://doi.org/10.1063/1.2838167
https://doi.org/10.1073/pnas.0607097104
https://doi.org/10.1016/j.abb.2017.05.005
https://doi.org/10.1038/s41557-020-0452-1
https://doi.org/10.1038/s41557-020-0452-1
https://doi.org/10.1038/s41598-020-73207-9
https://doi.org/10.3390/hemato2040042
https://doi.org/10.3390/hemato2040042
https://doi.org/10.1021/jacs.1c06264
https://doi.org/10.1021/jacs.1c06264
https://doi.org/10.1146/annurev-physchem-042018-052331
https://doi.org/10.1146/annurev-physchem-042018-052331
https://doi.org/10.1038/s41594-018-0147-0
https://doi.org/10.1021/jacs.9b04596
https://doi.org/10.1016/j.jmgm.2009.01.006
https://doi.org/10.1016/j.jmgm.2009.01.006
https://doi.org/10.1021/acs.jctc.9b00809
https://doi.org/10.1021/acs.jctc.9b00809
https://doi.org/10.1038/nmeth.2841
https://doi.org/10.1038/358302a0
https://doi.org/10.1016/j.bpj.2014.06.039
https://doi.org/10.1016/j.ymeth.2015.03.004
https://doi.org/10.1002/9780470999394.ch1
https://doi.org/10.1074/jbc.M513827200
https://doi.org/10.1109/34.730550
https://doi.org/10.1016/j.str.2010.04.016
https://doi.org/10.1021/ja300265w
https://doi.org/10.1063/1.4792208
https://doi.org/10.1038/nmeth.1208
https://doi.org/10.1016/j.str.2010.10.006
https://doi.org/10.1016/j.str.2010.10.006
https://doi.org/10.1016/j.jacc.2019.04.003
https://doi.org/10.1093/nar/26.17.3967
https://doi.org/10.1016/j.molcel.2021.12.016
https://doi.org/10.1002/anie.201202026
https://doi.org/10.1002/anie.201202026
https://doi.org/10.1021/acs.jpclett.6b00885
https://doi.org/10.1016/j.cell.2021.08.013
https://doi.org/10.1016/j.ijms.2012.08.032
https://doi.org/10.1016/j.sbi.2007.12.003
https://doi.org/10.1016/j.str.2013.10.020
https://doi.org/10.1101/2022.02.11.480045
https://doi.org/10.1002/cbic.200700600
https://doi.org/10.1016/j.jmb.2021.167231
https://doi.org/10.1016/j.jmb.2021.167231
https://doi.org/10.1016/j.jmb.2007.02.093
https://doi.org/10.1016/j.jmb.2007.02.093
https://doi.org/10.1073/pnas.0801069105
https://doi.org/10.1073/pnas.0801069105
https://www.frontiersin.org/journals/neuroscience
https://www.frontiersin.org/
https://www.frontiersin.org/journals/neuroscience#articles

Karamanos et al.

Misfolded Protein Ensembles

Sicorello, A., Kelly, G., Oregioni, A., Novacek, J., Sklendf, V., and Pastore, A. (2018).
The structural properties in solution of the intrinsically mixed folded protein
ataxin-3. Biophys. J. 115, 59-71. doi: 10.1016/j.bp;j.2018.05.029

Sicorello, A., Rézycki, B., Konarev, P. V., Svergun, D. I, and Pastore, A. (2021).
Capturing the conformational ensemble of the mixed folded polyglutamine
protein ataxin-3. Structure 29, 70.-81.75. doi: 10.1016/j.str.2020.09.010

Singh, J., and Udgaonkar, J. B. (2015). Molecular mechanism of the misfolding
and oligomerization of the prion protein: current understanding and its
implications. Biochemistry 54, 4431-4442. doi: 10.1021/acs.biochem.5b00605

Sinz, A. (2018). Cross-linking/mass spectrometry for studying protein structures
and protein-protein interactions: where are we now and where should we
go from here? Angew. Chem. Int. Ed. Engl. 57, 6390-6396. doi: 10.1002/anie.
201709559

Skrynnikov, N. R., and Ernst, R. R. (1999). Detection of intermolecular chemical
exchange through decorrelation of two-spin order. J. Magn. Reson. 137, 276-
280. doi: 10.1006/jmre.1998.1666

Smith, A. M., Jahn, T. R., Ashcroft, A. E., and Radford, S. E. (2006). Direct
observation of oligomeric species formed in the early stages of amyloid fibril
formation using electrospray ionisation mass spectrometry. J. Mol. Biol. 364,
9-19. doi: 10.1016/j.jmb.2006.08.081

Smith, D. P., Giles, K., Bateman, R. H., Radford, S. E., and Ashcroft, A. E. (2007).
Monitoring copopulated conformational states during protein folding events
using electrospray ionization-ion mobility spectrometry-mass spectrometry.
J. Am. Soc. Mass Spectrom. 18, 2180-2190. doi: 10.1016/j.jasms.2007.09.017

Stelzl, L. S., Pietrek, L. M., Holla, A., Oroz, J., Sikora, M., Kofinger, J., et al. (2022).
Global structure of the intrinsically disordered protein tau emerges from its
local structure. J. Am. Chem. Soc. doi: 10.1021/jacsau.1c00536

Strodel, B. (2021). Energy landscapes of protein aggregation and conformation
switching in intrinsically disordered proteins. . Mol. Biol. 433:167182. doi:
10.1016/j.jmb.2021.167182

Thomasen, F. E., and Lindorff-Larsen, K. (2022). Conformational ensembles of
intrinsically disordered proteins and flexible multidomain proteins. Biochem.
Soc. Trans. 50, 541-554. doi: 10.1042/BST20210499

Tsolis, A. C., Papandreou, N. C.,, Iconomidou, V. A., and Hamodrakas, S. J.
(2013). A consensus method for the prediction of ‘aggregation-prone’ peptides
in globular proteins. PLoS One 8:¢54175. doi: 10.1371/journal.pone.0054175

Tugarinov, V., and Kay, L. E. (2004). An isotope labeling strategy for methyl trosy
spectroscopy. J. Biomol. NMR 28, 165-172. doi: 10.1023/B:]NMR.0000013824.
93994.1f

Ulamec, S. M., Brockwell, D. J., and Radford, S. E. (2020). Looking beyond the
core: the role of flanking regions in the aggregation of amyloidogenic peptides
and proteins. Front. Neurosci. 14:611285. doi: 10.3389/fnins.2020.611285

Uversky, V. N. (2021). Recent developments in the field of intrinsically disordered
proteins: intrinsic disorder-based emergence in cellular biology in light of
the physiological and pathological liquid-liquid phase transitions. Annu. Rev.
Biophys. 50, 135-156. doi: 10.1146/annurev-biophys-062920-063704

Vahidi, S., Stocks, B. B., and Konermann, L. (2013). Partially disordered proteins
studied by ion mobility-mass spectrometry: implications for the preservation
of solution phase structure in the gas phase. Anal. Chem. 85, 10471-10478.
doi: 10.1021/ac402490r

Wan, H., Ge, Y., Razavi, A, and Voelz, V. A. (2020). Reconciling simulated
ensembles of apomyoglobin with experimental hydrogen/deuterium

exchange data using bayesian inference and multiensemble markov state
models. J. Chem. Theory Comput. 16, 1333-1348. doi: 10.1021/acs.jctc.9b0
1240

Wang, B., Lane, B. ., Kapsalis, C., Ault, J. R,, Sobott, F., El Mkami, H., et al. (2022).
Pocket delipidation induced by membrane tension or modification leads to a
structurally analogous mechanosensitive channel state. Structure doi: 10.1016/j.
str.2021.12.004

Willmund, F., del Alamo, M., Pechmann, S., Chen, T., Albanese, V., Dammer,
E. B, et al. (2013). The cotranslational function of ribosome-associated hsp70
in eukaryotic protein homeostasis. Cell 152, 196-209. doi: 10.1016/j.cell.2012.
12.001

Woods, L. A, Radford, S. E., and Ashcroft, A. E. (2013). Advances in ion mobility
spectrometry-mass spectrometry reveal key insights into amyloid assembly.
Biochim. Biophys. Acta Proteins Proteom. 1834, 1257-1268. doi: 10.1016/j.
bbapap.2012.10.002

Xue, W. F,, Homans, S. W., and Radford, S. E. (2008). Systematic analysis of
nucleation-dependent polymerization reveals new insights into the mechanism
of amyloid self-assembly. Proc. Natl. Acad. Sci. U.S.A. 105, 8926-8931. doi:
10.1073/pnas.0711664105

Yang, J., Anishchenko, I., Park, H., Peng, Z., Ovchinnikov, S., and Baker, D.
(2020). Improved protein structure prediction using predicted interresidue
orientations. Proc. Natl. Acad. Sci. U. S. A 117:1496. doi: 10.1073/pnas.
1914677117

Young, G., Hundt, N., Cole, D., Fineberg, A., Andrecka, J., Tyler, A., et al. (2018).
Quantitative mass imaging of single biological macromolecules. Science 360,
423-427. doi: 10.1126/science.aar5839

Young, L. M., Cao, P., Raleigh, D. P., Ashcroft, A. E., and Radford, S. E. (2014). Ion
mobility spectrometry-mass spectrometry defines the oligomeric intermediates
in amylin amyloid formation and the mode of action of inhibitors. J. Am. Chem.
Soc. 136, 660-670. doi: 10.1021/ja406831n

Zamel, J., Chen, J., Zaer, S., Harris, P. D., Drori, P., Lebendiker, M.,
et al. (2021). Structural and dynamic insights into o-synuclein dimer
conformations. bioRxiv [Preprint] bioRxiv: 795997, doi: 10.1101/79

5997

Conflict of Interest: The authors declare that the research was conducted in the
absence of any commercial or financial relationships that could be construed as a
potential conflict of interest.

Publisher’s Note: All claims expressed in this article are solely those of the authors
and do not necessarily represent those of their affiliated organizations, or those of
the publisher, the editors and the reviewers. Any product that may be evaluated in
this article, or claim that may be made by its manufacturer, is not guaranteed or
endorsed by the publisher.

Copyright © 2022 Karamanos, Kalverda and Radford. This is an open-access article
distributed under the terms of the Creative Commons Attribution License (CC BY).
The use, distribution or reproduction in other forums is permitted, provided the
original author(s) and the copyright owner(s) are credited and that the original
publication in this journal is cited, in accordance with accepted academic practice.
No use, distribution or reproduction is permitted which does not comply with
these terms.

Frontiers in Neuroscience | www.frontiersin.org

14

March 2022 | Volume 16 | Article 881534


https://doi.org/10.1016/j.bpj.2018.05.029
https://doi.org/10.1016/j.str.2020.09.010
https://doi.org/10.1021/acs.biochem.5b00605
https://doi.org/10.1002/anie.201709559
https://doi.org/10.1002/anie.201709559
https://doi.org/10.1006/jmre.1998.1666
https://doi.org/10.1016/j.jmb.2006.08.081
https://doi.org/10.1016/j.jasms.2007.09.017
https://doi.org/10.1021/jacsau.1c00536
https://doi.org/10.1016/j.jmb.2021.167182
https://doi.org/10.1016/j.jmb.2021.167182
https://doi.org/10.1042/BST20210499
https://doi.org/10.1371/journal.pone.0054175
https://doi.org/10.1023/B:JNMR.0000013824.93994.1f
https://doi.org/10.1023/B:JNMR.0000013824.93994.1f
https://doi.org/10.3389/fnins.2020.611285
https://doi.org/10.1146/annurev-biophys-062920-063704
https://doi.org/10.1021/ac402490r
https://doi.org/10.1021/acs.jctc.9b01240
https://doi.org/10.1021/acs.jctc.9b01240
https://doi.org/10.1016/j.str.2021.12.004
https://doi.org/10.1016/j.str.2021.12.004
https://doi.org/10.1016/j.cell.2012.12.001
https://doi.org/10.1016/j.cell.2012.12.001
https://doi.org/10.1016/j.bbapap.2012.10.002
https://doi.org/10.1016/j.bbapap.2012.10.002
https://doi.org/10.1073/pnas.0711664105
https://doi.org/10.1073/pnas.0711664105
https://doi.org/10.1073/pnas.1914677117
https://doi.org/10.1073/pnas.1914677117
https://doi.org/10.1126/science.aar5839
https://doi.org/10.1021/ja406831n
https://doi.org/10.1101/795997
https://doi.org/10.1101/795997
http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/licenses/by/4.0/
https://www.frontiersin.org/journals/neuroscience
https://www.frontiersin.org/
https://www.frontiersin.org/journals/neuroscience#articles

	Generating Ensembles of Dynamic Misfolding Proteins
	Introduction
	Misfolding Proteins Across the Flexibility Scale
	Experimental Methods Used to Guide the Generation of Protein Ensembles
	Ensemble Averaging of Experimental Restraints
	Converting Experimental Restraints Into Ensembles of Structures
	Extracting Information About Misfolding/Aggregation Sub-Ensembles Using Machine Learning. an Example From α-Synuclein

	Ensembles of Transient Oligomeric Species Formed by Folded Precursors. an Example From β2M

	Conclusion
	Author Contributions
	Funding
	Acknowledgments
	References


