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Abstract
Characterizing the three-dimensional structure of macromolecules is central to understanding their function. Traditionally, structures of proteins and their complexes have been determined using experimental
techniques such as X-ray crystallography, NMR, or cryo-electron microscopy—applied individually or in
an integrative manner. Meanwhile, however, computational methods for protein structure prediction have
been improving their accuracy, gradually, then suddenly, with the breakthrough advance by AlphaFold2,
whose models of monomeric proteins are often as accurate as experimental structures. This breakthrough
foreshadows a new era of computational methods that can build accurate models for most monomeric
proteins. Here, we envision how such accurate modeling methods can combine with experimental structural biology techniques, enhancing integrative structural biology. We highlight the challenges that arise
when considering multiple structural conformations, protein complexes, and polymorphic assemblies.
These challenges will motivate further developments, both in modeling programs and in methods to solve
experimental structures, towards better and quicker investigation of structure–function relationships.
Ó 2021 The Authors. Published by Elsevier Ltd. This is an open access article under the CC BY-NC-ND license (http://creativecommons.org/licenses/by-nc-nd/4.0/).

The era of accurate structure
prediction
The impressive performance of AlphaFold2 in
CASP14, which assesses the state-of-the-art of

methods of protein structure modeling,1 demonstrated that methods for protein structure prediction
based on deep learning have reached the point
where they can produce models of similar quality
to experimental structures.2–4 Although at this time
(June 2021), AlphaFold2 is not yet available as a
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public service, the authors declared to release the
software soon.5 In the meantime, RoseTTAFold, a
new program of the Rosetta suite that builds on
deep learning algorithms used in AlphaFold2,
reported much-improved accuracy and has been
recently released within the Robetta server.6 We
surmise that implementation of these algorithms
into other leading structure prediction servers, such
as Quark,7 I-TASSER,8 and tFold (https://drug.
ai.tencent.com/console/en/tfold),
is
ongoing.
Indeed, these and other servers already showed
substantial improvements in accuracy between
CASP13 and CASP14 by using deep learning, suggesting that publicly available methods will rival the
performance of AlphaFold2. It is thus reasonable to
assume that AlphaFold2 and publicly available servers will provide timely and free, or nearly free,
accurate modeling services to the academic community. In this light, we foresee increased interplay
between this new generation of modeling methods
and established experimental methods. We posit
that accurate protein structure prediction will open
new possibilities in integrative structural biology.
We discuss how experimental methodologies might
be affected by new modeling methods (Figure 1),
how modeling could be combined with experimental
methods, and what current gaps and challenges
warrant changes in these tools to better enable
future progress.

X-rays were used for fiber diffraction studies on a
broad range of biological materials, including wool,
horn, nails, muscle, and tendons.10 These data led
to the high-resolution description of protein secondary structure in 195011,12 and soon afterward to
the first three-dimensional models for a-keratin
fibers13,14 and collagen.15,16 It seemed as if the
structure of proteins would yield to stereochemical
considerations and parametric equations, as that of
nucleic acids already had. The determination of the
first protein crystal structures however showed a disconcerting irregularity, which suggested that the
principles of protein structure were far more
complicated.17
After it was established in the 1960s that the
structure of a protein was fully specified in its
sequence,18 many attempts were made to deduce
one from the other by computation—known as the
protein folding problem,19 but success was very
low and experimental methods gained uncontested
supremacy in establishing the atomic structure of
proteins. Nevertheless, computational methods
received increasing attention in the 1980s and there
was palpable excitement about new biophysical
approaches, such as threading20–21 and simplified
representations of the polypeptide chain,22,23 which
promised decisive progress in deducing protein
structure from sequence. The failure to translate
these approaches into real-life applications raised
questions about their usefulness and prompted
the first CASP experiment (Critical Assessment of
Structure Prediction), a double-blind test of predictive success.1 The results were sobering. Predictive
methods were found to be quite blunt and the only
method that worked reliably was to identify a homolog of known structure to the target sequence and
model the target on it (known as template-based
modeling, TBM, or as homology modeling). After
initial progress in developing ever more sensitive

Modeling and experiment – historical
perspective
Proteins are essential agents of all living systems
and for their activity they mostly need to assume
defined three-dimensional structures.9 Efforts to
determine these structures at atomic resolution date
back to the 1920s, when the newly discovered

Figure 1. Influence of accurate modeling methods on workflows for experimental structure determination.
Steps, where a predicted 3D model can be inserted to improve the workflow, are marked with yellow “balloons”.
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sequence comparison tools, which gave access to
more and more distant homologs, CASP experiments showed that progress in prediction methodology slowed to a virtual standstill for more than a
decade around 2010.
A new approach however began developing in
this time, which eventually led to the stunning
breakthrough of AlphaFold2 at CASP14. This
breakthrough relies on the realization that
evolutionary information captured in multiple
alignments of homologs not only offers the
occasional template of known structure, but also a
wealth of inter-residue correlations that can be
translated into contact maps. These in turn can
serve as restraints for structure determination, as
in NMR experiments. Two important advances
had to be achieved first, though: distinguish
between direct (structural) and indirect (functional)
correlations by introducing direct coupling
analysis24–26 and derive distance maps from residue correlations by deep learning methods.27
These innovations led to substantial progress from
CASP12 (2016) to CASP13 (2018) and were translated into a further decisive advance by AlphaFold2
in CASP14 (2020), by using end-to-end training on
a deep-learning network that combined attention
modules to derive distance constraints with 3D
equivariant transformer neural networks to obtain
structural models. Although AlphaFold2 clearly benefited from superb software engineering, it is not
unreasonable to expect that other methods will
make substantial progress and maybe even catch
up, having knowledge of the strategy that led AlphaFold2 to such impressive success. It therefore
seems likely that within a few years, the life science
community will see a number of highly performant
and publicly available structure prediction servers
or databases of pre-computed models, which will
make the protein structure space as accessible as
BLAST made the sequence space 25 years ago.
Given this unforeseen advance, an important
question for the structural biology community is
how our understanding of protein structure will be
impacted. This special issue is dedicated to this
question. In our article, we want to look more
specifically at how established experimental
methods could be empowered by this advance.
For this, it is important to keep in mind that, while
the protein folding problem has sometimes been
phrased narrowly as the effort to deduce the
three-dimensional structure of a protein from its
sequence, there is far more information encoded
in the sequence of a protein, including its
dynamics, its folding pathway, recognition of its
interaction partners, and its response to changing
environments. Access to this information is
understood to require the combination of different
methods, experimental and computational, in what
has been variously referred to as hybrid or
integrative approaches. Examples of this are the
combination of mass spectrometry and cryo-

electron microscopy with molecular modeling to
reconstruct the molecular architectures of
macromolecular complexes,28 or the combination
of crystallography and NMR with Bayesian inference to determine the structure of the voltagedependent anion channel.29 With a new generation
of computational structure prediction tools, it is likely
that decisive progress will be possible on many
other questions in protein structure, which are of
the highest biological relevance.

X-ray crystallography
X-ray crystallography has been the most common
method to determine the molecular and atomic
structure of macromolecules.30–32 It requires a crystalline form that diffracts a beam of X-rays,33 which
is captured by specialized detectors that visualize
the resulting diffraction pattern, or “reflections”. By
measuring the angles and intensities of the generated reflections, recorded as the crystal is gradually
rotated, it is possible to resolve a three-dimensional
picture of the density of electrons within the crystal.
From this electron density, the atom coordinates
can be determined using mathematical tools.
One critical obstacle for structure determination
using X-ray diffraction data is the “phase
problem”, which prevents direct determination of
the 3D structure.34 The phase problem extends
beyond X-ray diffraction to electron diffraction,
which is also used to determine macromolecular
structures.35–37 There are several established ways
to solve the crystallographic phase problem, which
is also referred to as “phasing”. These ways include
direct (ab initio) methods,38–40 which require highresolution diffraction data (better than 1.2 
A), isomorphous replacement,41–44 Single- or Multiwavelength Anomalous Dispersion (SAD or MAD,
respectively) methods,45,46 which require nontrivial chemical modifications or additions to the
macromolecule, or the molecular replacement
(MR) method, which uses phases derived from a
“template” structure, often a homology model.47–49
The well-established methods of model assessment and refinement in X-ray crystallography50–52
provide a reliable approach to using such templates, even those that do not completely recapitulate the determined structure. Structural genomics
projects have promoted high-throughput studies
and automation at different levels ranging from
target selection to structure determination, including
the search of initial phases and model building.53–56
In addition, phasing using native sulfurs present in
proteins has also been implemented.56,57 While
most structures solved to date by X-ray crystallography utilized MR with previously solved experimental structures, in some cases such a solution
was hampered by a lack of suitable structural templates. Protein structure prediction methods offer
new
avenues
for
model
building
and
3
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refinement,58–61 including phasing with protein fragment models62 instead of models of entire proteins.
Accordingly, improved and novel models generated
by accurate and reliable methods can facilitate crystal structure determination,4,63,64 especially if such
future tools will provide not a single solution, but
rather an array of potential conformational states
that will increase the chances of capturing a particular crystallized state. The latter is particularly relevant for proteins that can adopt more than one
conformational state,65 which can depend on factors such as crystallization conditions, ligands, or
protein partners. Similarly, successful structure prediction of self-assembling proteins and peptides
forming polymorphic supramolecular fibrils would
facilitate crystal structure determination of these
challenging systems, which often lack a suitable
model template.66–70 A timely example for the
advantageous capabilities of accurate modeling in
X-ray crystallography was recently demonstrated
by Flower and Hurley, reporting that the crystal
structure of the ORF8 protein of SARS-CoV-2,
determined experimentally using the SAD phasing
method,71 could have been solved using MR with
an AlphaFold2 model as a template (CASP14
model ID: T1064TS427_1-D1).72

the most by the new generation of structure
prediction methods. These produce their best
results on single-domain proteins, use mainly
distance restraints similar to NMR, but work
orders of magnitude faster. Because structures
determined by NMR do not have associated
measures of model quality, such as R-factors or
the resolution of the underlying data, it will be
difficult to assess the relative quality of the models
generated by experiment versus computation.
Thus, it will be challenging to justify the
investment of months of experimental work versus
a few hours of computer time.
This however neglects one major strength of NMR
experiments, namely access to protein dynamics.75
Dynamics are an essential aspect of protein function
and the ability of computational methods to cover
them is at present uncertain at best. The combination of computation and experiment would offer a
direct path to determining the multiple conformational states a protein can assume in solution. This
could be achieved by comparing experimental
NMR spectra with expectation spectra backcalculated across a modeled conformational
space.76 The comparison of computational spectra
to experimental ones would inherently deliver an Rfactor for structure calculation and thus a measure
of model quality, and the availability of high-quality
computational models for the back-calculation step
would speed up the structure calculation enormously.77 Therefore, the study of protein dynamics
by NMR might be greatly empowered by the combination with new structure prediction methods.

Nuclear Magnetic Resonance
Spectroscopy (NMR)
NMR is a second widespread method to obtain
information about the structure and dynamics of
proteins.73 It is actually a collection of experimental
strategies designed to measure the chemical shifts
of isotopically labeled nuclei upon electromagnetic
stimulation in a powerful magnetic field and the
transfer of the magnetization to other nuclei. This
transfer can either occur through covalent bonds,
which can be used to assign chemical shifts to individual nuclei, or through space, irrespective of the
bonded structure, used to generate distance
restraints for the subsequent structure calculation.
An important problem in NMR experiments is the
overlap between peaks in the spectra, which
increases with the size of the protein. This is due
to different nuclei in the protein having the same
or very similar chemical shifts. While this problem
can
be
alleviated
by
multidimensional
experiments, in which the protein is labeled with
two or more different isotopes, size causes a
second problem that is harder to address—the
magnetization relaxes faster, making peaks
broader and weaker. Thus, although NMR studies
of megadalton complexes of known structure have
been successfully performed through the selective
isotope labeling of specific residues,74 the upper
size limit for the de novo structure determination
of proteins by NMR is largely in the range of
single-domain proteins.
This suggests that among protein structure
determination methods, NMR may be impacted

Cryo-electron microscopy (cryo-EM)
The third main method for experimental structure
determination is cryo-EM, which determines
structures of macromolecules in a flash-frozen
solution78,79 or directly in the cell.80–82 It has
become a widely used method to solve structures
of macromolecular complexes and, increasingly,
small monomeric proteins.83,84 Structure determination by cryo-EM is a stepwise process.78 Firstly,
thousands of 2D images of the macromolecule of
interest are taken. Second, the images, which represent the projections of the molecule from different
angles, are aligned and averaged to obtain a 3D EM
density map. Lastly, a structural model is built
based on the EM map. In most cases, the model
building step currently requires starting structures,
which are fitted into the map and refined based on
the EM density. Such starting structures are usually
obtained by X-ray crystallography, NMR, or in some
cases - current modeling methods.
Methods for predicting structural models of single
proteins with accuracy that equals or exceeds that
of AlphaFold2 would definitely make a powerful
combination with cryo-EM. Starting models could
be built in a matter of hours or days, instead of the
months or years usually required for cloning gene
4
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constructs, optimizing purification protocols, and
solving structures experimentally. Perhaps less
obviously, new methods could provide more
complete models than structures solved by X-ray
crystallography. Indeed, X-ray structures often
have loops or termini missing because of poorly
resolved density. Moreover, in crystallography,
“troublesome” domains are often cut away to solve
problems with purification or crystallization. Finally,
AlphaFold2 and future prediction algorithms might
preferentially model conformations adopted within
a complex, even though these methods predict
monomeric models. This is because deep-learning
methods rely on sequence alignments of protein
families, which also record evolutionary constraints
imposed by protein–protein interactions. Thus, new
modeling methods might make cryo-EM model
building not only quicker but also better.
What could limit the combination of accurate
modeling methods and cryo-EM? First, at a
resolution better than 3–4 
A, cryo-EM structures
can be built without any starting structure using an
increasingly growing number of automated
programs.85–88 As cryo-EM advances, such highresolution data might become routine, even for
small proteins. Theoretical modeling methods
would not be necessary to solve such cases, but
could be useful to either speed up model building
by providing a starting model, or to fill parts of the
EM map that are at a lower resolution.
Second, at an intermediate resolution (in the
range between 3–4 
A and 10 
A), at which only
secondary structures and bulky side chains are
visible, the accuracy of modeling algorithms might
need to be considered explicitly. In this resolution
range, models often serve as starting models to
be flexibly refined into the EM map.89–91 By fitting
the models into the EM map, it can be relatively
easy to assess the accuracy of the models. However, EM densities are not always sufficient to verify
whether a predicted model has the correct
sequence register along the backbone. Also, loops
and linkers that are poorly resolved in the EM density may not match those in the models. Thus, an
accurate assessment of the local quality of the models will be necessary to resolve regions where the
EM and models do not agree or where the EM density is lacking. While this problem applies also to
solving X-ray structures using MR with predicted
models, it will be an even more important aspect
when using accurate prediction methods in cryoEM, when some cryo-EM modelers might place
too much trust in the local accuracy of the models.
Finally, at a resolution worse than 10 
A, models
are usually fitted to the EM maps as rigid bodies,
without an additional refinement of their
conformations.89,92,93 The importance of this resolution range cannot be underestimated—maps of low
resolution will be provided increasingly in the coming years from cellular cryo-ET.80–82 Here, again,
reliable assessment of model quality, both locally

but also globally, will be crucial, as low-resolution
EM maps often do not allow to discriminate between
alternative structural folds, let alone validate the
predicted sequence register. The cryo-EM community will need to create standards on how to annotate and interpret the uncertainty of such models.

Integrative structural biology
Integrative structural biology involves determining
structures of macromolecules by combining different
experimental and modeling techniques.94–97 For
example, to determine the structure of a protein complex, X-ray crystallography or NMR might be used to
solve structures of individual subunits. EM or Small
Angle X-ray Scattering (SAXS)98,99 can be used to
obtain the overall shape of a complex.100,101 In addition, mass spectrometry (MS) techniques coupled
with crosslinking97,100,102–104 or hydrogen–deuterium exchange105,106 can be applied to obtain spatial restraints on distances or interactions between
subunits. A model of the entire complex is then built
using integrative modeling methods by fitting individual subunits to the EM map or SAXS data while satisfying
restraints
from
additional
techniques.100,101,103,104,107–109
The ability to model protein complexes as
accurately as monomeric proteins has not been
demonstrated yet in unbiased (blind) experiments
such as CAPRI (Critical Assessment of PRedicted
Interactions).110 However, a recent report of RoseTTAFold performance shows promise for modeling
complexes using deep learning architectures
trained on monomeric proteins.6 Moreover, accurate modeling of single proteins will certainly revolutionize integrative structural biology by easily
providing better building blocks for current integrative modeling approaches. All the abovediscussed enhancements in experimental methods
resulting from new accurate monomeric models will
positively impact integrative structural biology.
Finally, the accuracy of contact prediction within
monomeric proteins, together with promising results
from methods predicting inter-protein contacts,
such as EVcomplex,111 suggests that it should also
be possible to accurately predict contacts between
proteins. Such contacts could be easily adapted
as restraints in current integrative modeling software. Indeed, a recent study demonstrated the
applicability of this approach to fitting individual subunit structures into low-resolution EM maps.112
Future methods that can predict contacts at high
accuracy and sensitivity can therefore be a gamechanger for integrative modeling.

Challenges
Proteins that can adopt multiple
conformations
The ability of many proteins to adopt more than
one conformation will be a challenge when using
5
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accurate prediction methods in structure
determination or prediction pipelines. Multiple
conformations are often inherent to function.9 For
example, enzymes and receptors shift between
active and inactive conformations, transporters
alternate between inward- and outward-facing conformations upon substrate transport, or viral fusion
proteins transform between dramatically different
pre- and post-fusion conformations. Indeed, it has
been long recognized that in the PDB,113 one can
find entries with similar, or even identical
sequences, that nevertheless are structurally different from each other.65,114–117 Structural differences
among such sequence-similar entries can far
exceed anticipated thermal fluctuations.118 Known
examples of multiple physiologically relevant conformations may serve as templates for modeling
missing states of proteins where only a single conformation is available.119
In this respect, we posit that the goal of accurate
prediction methods should not be to predict a single
“best” structure for a query protein. The latter has
been an underlying assumption behind CASP
assessments, and a single model is often the
output of automatic homology modeling servers.
Rather, the goal should be to predict the full
spectrum of biologically relevant conformations,
including those that are dependent on external or
additional factors, for example, substrate binding.
Since accurate prediction methods can be trained
over the entire PDB, including sequenceredundant but structurally dissimilar entries, they
can presumably output multiple conformations.
Also, information about functional conformations is
likely to be present in the multiple sequence
alignments used for modeling. Thus, there is
reason to hope that future methods will be able to
predict all biologically relevant conformations for a
query protein. In fact, it may well be that
AlphaFold2 or similar methods already have this
capacity.
This hope is supported by AlphaFold2’s
performance in CASP14. AlphaFold2 predicted
the structures of 75 CASP14 targets, submitting
five different models for each target. We manually
examined these models to determine the extent to
which they correspond to multiple conformations.
Specifically, for each CASP14 target predicted by
AlphaFold2, all five models were superimposed
and visually inspected. If significant differences
between two or more models were observed, such
as movement of a helical bundle, we assumed the
prediction pointed to multiple conformations.
Models that differed only in N- or C-termini devoid
of secondary structures were assumed to
represent the same conformation. Of these 75
targets, the five different models for 60 targets
(80%) showed virtually the same conformation
(neglecting
differences
akin
to
thermal
fluctuations). On the other hand, fifteen targets

(20%) manifested more than a single distinct
conformation. It is noteworthy, however, that
because
occasionally
the
shift
between
conformations is minor, for example between the
active and inactive conformations of an enzyme,
we allowed ourselves to be liberal in what we
considered here different conformations. In this
respect, fifteen targets should be regarded as an
upper bound. We discuss two interesting cases,
where the predicted multiple conformations could
be directly related to biological function.
These two CASP14 targets (T1024 and T1098)
belong to the Major-Facilitator Superfamily (MFS).
This superfamily of secondary active transporters
comprises 76 different families that transport an
array of different compounds across the
membrane, ranging from ions and amino acids to
peptides and oligosaccharides.120 They operate
via an alternating-access mechanism, in which the
binding site is alternately accessible from either side
of the membrane. This is facilitated by the relative
movement of two discrete helical-bundles.120 It follows that MFS transporters have at least two
extreme conformations that are easy to
distinguish—inward- and outward-facing (IF and
OF, respectively). Indeed, for targets T1024 and
T1098 AlphaFold2 predicted both conformations
(Figure 2).
Target T1024 represents the multidrug
transporter LmrP from Lactococcus lactis that
recently had its structure solved in a ligand-bound
OF conformation (PDB entry 6T1Z).121 AlphaFold2
predicted one semi-occluded OF conformation
(model 3), one occluded-OF conformation (model
5), and three fully open IF conformations (models
1, 2, and 4) of LmrP. Model 3, featuring a semioccluded OF conformation, was the closest to
LmrP’s crystal structure with an RMSD of 2.0 
A
when superimposing all alpha carbons (Figure 2(A
and C)). As for the IF models, these resemble the
IF conformations of evolutionary remote MFS members such as the peptide transporter YbgH from
Escherichia coli (PDB entry 4Q65; Figure 2(B and
D)). In this respect, it is noteworthy that in a Perspective, published while this article was in review,
Mchaourab and co-workers correlated the predicted
IF conformation of this transporter with their own
EPR DEER spectroscopy data, providing direct validation of this new conformation.122
Target T1098 belongs to the sucrose transport
protein SUT1 from Oryza sativa (UniProt entry
Q10R54), for which an experimental structure is
yet to be published. AlphaFold2 predicted two IF
(models 1–2) and three OF models (models 3–4;
Figure 2(E and F)). With the closest structural
homologs available presenting a sequence identity
of no more than 16%, it is difficult to assess the
overall quality of both the IF and OF models.
Although this target was later canceled due to an
unverified
structure,
it
does
not
affect
6
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Figure 2. CASP14 targets T1024 and T1098. (A and B) Cross-section of Escherichia coli multidrug transporter
LmrP (T1024) models by AlphaFold2, in OF (A) and IF (B) conformations. The periplasmic side is at the top and the
cytoplasmic side at the bottom. (C) Superimposition of one of AlphaFold2’s OF models (blue) and the LmrP crystal
structure (gray; PDB entry 6T1Z). The ɑ-carbon RMSD between the two structures is 2.0 
A. (D) Superimposition of
one of AlphaFold2’s IF models (green) and the peptide transporter YbgH from Escherichia coli (PDB entry 4Q65)
suggested by the HMM-based homology detection algorithm HHpred as a potential template. YbgH and LmrP have a
sequence identity of 13%. (E and F) Cross-section of Oryza sativa sucrose transport protein SUT1 (T1098) models by
AlphaFold2 in an OF (A) and IF (B) conformations.

algorithm HHpred123 identifies more than 30 different templates for each target, with good coverage
and sequence identity ranging between 10% and
16%. Because it is reasonable to assume that
AlphaFold2 included these templates in its training
set, it is unclear whether it can predict conformations of query proteins with architectures beyond
the ones in the PDB. This is a critical question to
address when developing future accurate prediction
methods. Currently, it is difficult to assess
AlphaFold2’s true potential for predicting multiple
biologically relevant conformations for a wide variety of proteins. This is due to the limited number
of CASP targets, and the inherent bias resulting
from participants submitting only models that are
the most likely to win the competition, rather than
represent possible biological diversity. That being

AlphaFold2’s predictions that clearly show
AlphaFold2 can output multiple biologically
relevant conformations for these proteins.
In light of the relatively low sequence identity to
previously
known
templates,
AlphaFold2’s
achievements are impressive, especially when
considering that the second-best performing
algorithm (Zhang-TBM) predicted only one of
these conformations (OF). The 2.0 
A ɑ-carbons
RMSD between the experimental structure of
LmrP and AlphaFold2’s model demonstrate that
the method performed significantly better
compared to standard homology modeling based
on such remote templates. It should be noted,
however, that templates for both conformations of
LmrP and SUT1 are relatively abundant in the
PDB. Indeed, the HMM-based homology detection
7
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said, the capability to predict such multiple conformations, demonstrated by AlphaFold2 in CASP14,
is by itself an important step forward in the field of
protein structure prediction. In this respect, it is
noteworthy that multiple conformations, regardless
of their biological relevance, can serve as better
building blocks than single conformations for EM,
and as templates in molecular replacement for Xray and NMR structure determination when the target can in fact adopt multiple conformations.

are already further along in accounting for them
than others.
Another difficult area for prediction methods
concerns self-assembling targets (Figure 3). For
example, different organisms secrete proteins and
peptides that self-assemble into ordered amyloid
fibrils, which carry various physiological and
pathophysiological roles.125–141 The most studied
example is amyloid aggregation associated with
fatal neurodegenerative and systemic diseases,
which were mostly known to share cross-b structural feature, composed of tightly mated bsheets.142–145 Yet, amyloids also function as key
virulence factors in microbes,130,134–137 which has
rendered them attractive candidates for structural
characterization aimed at discovering novel antimicrobial therapeutics.66 Amyloid structures have
been studied using X-ray crystallography66–70,146
(cross-b steric-zipper spine segment structures
resolved mostly by Eisenberg and co-workers are
reviewed by Nelson and Eisenberg),147 NMR,148–153
micro-electron diffraction,154 and cryo-EM.155–187
Structures to date revealed vast polymorphisms in
fibril morphology and arrangement.132,152,156,188–194
Especially profound is the polymorphism of secondary structure found for the same or closely homologous sequences66,69,181,195 (Figure 3). Therefore,
amyloids and other functional fibrils also challenge
the classic “one sequence - one structure - one function” paradigm suggested by the work of Mirsky,
Pauling, Anfinsen, and others.18,196–198 The ability
of 3D prediction methods to predict such structural
polymorphism is a challenge that remains to be adequately addressed.199
Moreover, the inter-molecular interfaces in selfassembling fibrils are tighter compared to other
quaternary structures and are often “dry”, i.e.,
lacking water molecules between protein chains,
thus presenting a unique type of protein–protein
interfaces.145 Such structures might differ substantially from the training sets used for deep learning,
and suggest that special attention should be
devoted to accurate prediction methods for such
proteins. Amyloid fibrils, in particular, show little
conservation in sequence and length, limiting the
size of datasets and alignments that can be used
to train deep learning algorithms. These unique
properties of amyloids and other functional fibrils
are expected to present greater challenges to future
prediction methods that rely on training sets of
known structures, and their success in this area
remains to be determined.

Macromolecular complexes and selfassembling protein fibrils
One of the challenges of future prediction
methods will be the accurate prediction of supramolecular structures. An interesting example is
provided by the outer-membrane “bushing” of the
Salmonella enterica flagellar basal body (PDB
7BGL),124 formed by stacked 26-mer rings of FlgI
subunits and FlgH-YecR heterodimers, respectively.124 The stacked rings of FlgH and FlgI were
entered into CASP14 as target T1047 and were
divided by domains into targets T1047s1-D1 (FlgH)
and T1047s2-D1 to -D3 (FlgI). FlgH anchors the
rings in the outer membrane via a very long bhairpin extension, which associates into a 52stranded b-barrel in the membrane. This proved to
be the hardest target for the prediction community.
While AlphaFold2 submitted the best model, it
was nevertheless its worst prediction, with a
GDT_TS value barely above 50. Two effects
appear to have led to this poor outcome, both
related to the supra-molecular assembly. First, without the realization that the long hairpin associated
into a b-barrel in the membrane, it was modeled in
a curled-up conformation, rather than extended as
in the native structure. Second, the N-terminal
extension of the protein, which lacks regular secondary structure and is domain-swapped to the next
subunit in the ring, was modeled correctly, but into
the binding site of its own subunit. Clearly, the prediction failed to distinguish between inter-chain and
intra-chain restraints.3 The FlgI ring was not nearly
as challenging, but the C-terminal domain of the
protein (T1047s2-D3), which is also intimately
involved in supra-molecular assembly, was the target on which AlphaFold2 posted the worst relative
performance, ranked 78th of 117 groups. Each FlgI
domain contributes a b-hairpin to complete a bsheet in the next subunit and AlphaFold2 modeled
the hairpin, which is largely unresolved in the
cryo-EM structure and presumably interacts with
the next ring of subunits in the native basal-body
complex, as a four-stranded b-sheet. The topranking models in this case were mostly built on
the prediction of the tFold server (https://drug.
ai.tencent.com/console/en/tfold), from the AI unit
of the Chinese technology company Tencent. We
conclude that inter-chain contacts in supramolecular assemblies pose a major challenge to
deep-learning methods, but that some methods

Perspectives
While AlphaFold2 and its successors might not
render experimental structure determination
obsolete, they can certainly redefine X-ray
crystallography and NMR. Seeing how multiple
prediction methods increased their accuracy
between CASP13 and CASP14, and witnessing
8
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Figure 3. The cross-a crystal structures PSMa370 (left, grey and purple ribbons) and the cross-b structure of the
IIKVIK amyloid spine segment from PSMa1 (right, grey and blue ribbons),69 members of the Staphylococcus aureus
phenol-soluble modulin (PSM) virulent peptide family. Sidechains are shown as sticks and colored by atom type. Both
structures encompass molecules stacked perpendicular to the fibril axis, forming mated sheets, yet demonstrate
secondary structure polymorphism with PSMa1-IIKVIK forming the canonical amyloid cross-b structure of mated bsheets, and PSMa3 forming a fibril composed of a-helices stacked in two mated “sheets”.

the recent release of the RoseTTAFold program6
and the preview of the release of AlphaFold2,5 it is
reasonable to expect the emergence of widely and
freely available methods for accurate structure prediction. Given such methods, X-ray crystallography
and NMR might not be the first to try when characterizing the general structure of a protein. Rather,
these experimental methods might focus on studying alternative functional conformations, solving
structures in complexes with ligands, studying
enzymatic reactions at very high resolution, visualizing the rearrangement of hydrogen bonds and
bound water molecules, or screening for drug
molecules.
In contrast, at first glance it seems that new
modeling methods will empower cryo-EM in its
current form by providing accurate building blocks
for model reconstruction. However, it is not
unreasonable to expect new methods that will also
accurately model macromolecular complexes.
Such methods could redefine the purpose of
single-particle cryo-EM as well. Cryo-EM would
then focus on determining the functional states of
protein complexes or identifying alternative
quaternary conformations, similarly to X-ray
crystallography and NMR for smaller or
monomeric proteins. We believe this is a
promising
vision—crystallographers,
NMR
spectroscopists, and cryo-electron microscopists
would have more resources to focus on answering
biological questions, instead of fiddling with the
orientations of amino acid side chains.
A point to consider is the ability of the general lifescience community to make use of accurate models

becoming available for most proteins. Even today,
many scientists do not fully use structural
resources that already exist, such as deposited
experimental structures or the analysis tools found
in the three PDB websites—at least in part
because of insufficient training. Collaborations
with structural biologists can alleviate this gap, but
this might not be a viable option if accurate
prediction methods become the first choice for
many scientists. Therefore, incorporating more
advanced structure analysis into undergraduate
and graduate student training should be prioritized
sooner rather than later.
Is an “integrative AlphaFold” possible for one-step
automated model building by integrating structures
from X-ray crystallography, EM, and other
experimental data such as cross-linking mass
spectrometry? Currently, this goal seems farreaching for supervised machine learning methods
such as AlphaFold2 because of limited training
data, the diverse types of experimental data used
in integrative modeling, and differences between
datasets of similar types resulting from different
instruments and data processing software.
Nevertheless, future predictive approaches that do
not require massive labeled training data sets,
such as Reinforcement Learning,200 might be
applied to optimization problems in integrative
structural
modeling.
Also,
deep
learning
approaches are already used to pre-process data
used in integrative modeling, for example, to reduce
noise in the data201 or detect and classify particles
in EM micrographs202 or cryo-ET tomograms of
cells.203
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Finally, is it time to reinvent model building based
on X-ray crystallography and EM data? Besides
AlphaFold2, most structure prediction methods
are composed of complex pipelines. Such
pipelines often involve steps such as splitting
sequences into predicted protein domains,
predicting secondary structures and residue
contacts, and performing multi-step modeling
protocols. AlphaFold2 apparently replaced such
pipelines
with
the
so-called
end-to-end
approach.204,205 In this approach, AlphaFold2 takes
a sequence as input and returns a 3D structure as
output, learning all the steps “behind the scenes”.
Structure determination using X-ray crystallography
and cryo-EM also involve complex pipelines, which
start with 2D diffraction patterns or EM images, then
reconstruct 3D densities and build 3D models
based on those densities. Yet, a vast amount of
training data in the form of diffraction patterns and
EM images is available. Thus, it might be possible
to train deep learning systems that replace current
X-ray crystallography and EM model building pipelines with a single step.
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