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enzymatic activity, protein-protein interactions, or molecular machines. The
ever-growing database of protein structures, primarily driven by high-throughput
structural genomics efforts, further facilitated dramatic improvements in proteinstructure prediction based in machine
learning (e.g., AlphaFold).
Therefore, an increase in cryo-EM fibril
structures and new approaches to
analyze these structures will allow engineering efforts to control amyloid assembly in a regulated way of protein
sequences that can uniquely adopt specific conformations and also design de
novo fibril structures. Finally, structural
analyses of these fibrillar conformations
may offer new avenues to design ligands
or biologics that can detect the conformation of these assemblies early in disease
and therapeutically prevent pathologic
folding of these proteins.
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Accurate protein structure predictors use clusters of homologues, which disregard sequence specific effects. In this issue of Structure, Weißenow and colleagues report a deep learning-based tool, EMBER2,
that efficiently predicts the distances in a protein structure from its amino acid sequence only. This approach
should enable the analysis of mutation effects.
Weißenow and coworkers introduce
EMBER2, a multiple sequence alignment
(MSA)-free method for predicting internal
distances within a protein structure from
its amino acid sequence alone. EMBER2
uses a protein language model to predict
the internal distances of a structure and relies on external tools to derive the protein
coordinates from these distances. MSAfree protein structure prediction methods

more directly address the long-standing
challenge of understanding the relationship between protein sequence and structure, which has many practical implications. Anfinsen’s experiment in the 1960s
showed that all the information needed
for the three dimensional structure of a
protein lies in its amino acid sequence
(Kessel and Ben-Tal, 2018) and motivated
a worldwide effort to computationally pre-

dict structures from sequences (Dill et al.,
2008). Originally, the goal was to predict
the structure from first principles, i.e.,
relying on a physicochemical understanding of intra-protein interactions and solvent and other environmental effects (Kessel and Ben-Tal, 2018). However, over
time it became clear that this is far too
challenging. The biannual rounds of Critical Assessment of Structure Prediction
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(CASP) evaluations, where participants
predicted protein structures that were
publicly released only after each round,
demonstrated that even the most sophisticated first-principle approaches failed to
consistently deliver accurate predictions
(Moult et al., 1995).
On the other hand, the CASP evaluations repeatedly demonstrated the superiority of statistics and knowledge-based
approaches. Advances in structure prediction accuracy were because of the
enormous power of machine learning
methods that harvest the fast-accumulating protein sequence and structural
data (AlQuraishi, 2021; Pearce and
Zhang, 2021). A significant improvement
in accuracy was then made by including
co-evolution data, i.e., coupling between
residues substitutions in different positions along the sequence across homologous proteins. The couplings could be
indicative of direct contacts, and enough
of these, especially between sequentially
remote amino acids, would allow accurate structure inference. While the idea
of using co-evolution has been around
for years, it became usable only about
a decade ago, when large enough
sequence databases and mathematical
models to infer direct contacts became
available (De Juan et al., 2013; Marks
et al., 2011; Morcos et al., 2011).
A major breakthrough happened about
two years ago, with the development of
AlphaFold—a deep learning structure
predictor (Jumper et al., 2021). Starting
from a query protein sequence, the MSA
of its homologues, and relevant structural
templates, AlphaFold consistently provides model structures with an accuracy
that closely resembles that of experimental methods such as cryoEM and
X-ray crystallography. Key for achieving
such high accuracy was an end-to-end
learning algorithm, with a loss function
based on the difference between the
predicted versus true coordinates of
the protein. AlphaFold effectively solved
the structure prediction problem, albeit
only for an ‘‘average’’ over clusters of homologous proteins.
Indeed, although AlphaFold was a revolutionary breakthrough for protein structure prediction, it has shortcomings
because it depends on multiple sequence
alignment (MSA) of homologous proteins.
First, many homologues are not always
sufficiently available e.g., for orphan pro1048 Structure 30, August 4, 2022
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teins [or proteins from small families], for
de novo designed proteins, and for evolutionary young proteins. Furthermore, an
MSA-based prediction that reflects the
evolutionary signal of viable proteins in
different species is not particularly useful
for predicting possibly deleterious effects
of mutations because the effect of a single
mutation will be ‘‘washed out’’ in an MSA.
However, these effects are very important
in the context of human health, as single
mutations may lead to protein instabilities
and malfunctions that cause human
diseases.
Rather than using an MSA, predictors
can use protein language models
(pLMs)—computational models inspired
by machine learning tools developed in
natural language processing (NLP). Embeddings of natural languages are calculated from large text corpora and model
semantic relationships between words,
so that words with similar meaning are
embedded as vectors that are near each
other. Similarly, pLMs calculate embeddings for amino acids within the context
of the protein chain from large datasets
of protein sequences. These embeddings
can be the exclusive input to a second
step of a supervised training, which, in
EMBER2, is aimed at predicting internal
distances. Weibenow et al. (2022) further
show that using merely 120 attention
heads from the pre-trained pLM leads
to a performance comparable with far
larger models (Weibenow et al., 2022).
However, using only 120 attention heads
substantially reduces the computational
burden. Indeed, the authors predicted
the structures of the whole human proteome within a week on a single machine,
and for a protein set, they predicted all
point mutations and showed that their
predictions correlate with deep mutational scans data.
MSA-free structure prediction has
many advantages beyond computational
efficiency and brings structure prediction back to its single sequence roots
(AlQuraishi, 2021). There is a clear advantage in terms of efficiency once the pLM
is trained. However, as Sergey Ovchinnikov remarked in a recent twitter discussion (https://twitter.com/sokrypton/
status/1538570849401425929)
over
another soon-to-be published MSA-free
structure prediction method called
OmegaFold, from the Peng Lab, the
computational costs should include those

for refining and retraining pLMs as
sequence databases grow. Additionally,
AlphaFold showed that there is much to
be gained from an end-to-end learning
model, so future improvements of
EMBER2 may be coming. Once we have
a model that can accurately predict
the structures of not only a protein
sequence, but also all its variants with
site specific amino acid substitutions, we
could differentiate between diseasecausing versus benign mutations. This
has major implications for personalized
medicine, where minor variations in
protein sequence between individuals
appear to determine the outcome of treatments. Such a model should also be useful for protein design.
Protein function critically depends
on conformational changes. Thus, for
example, enzymes and receptors alternate between active and inactive conformations, membrane transporters shift
between outward- and inward-facing
conformations, and channels between
gate-open and closed conformations. To
really understand function, we need to
predict the structures of all physiologically
relevant conformations of the protein,
rather than only one, and also interactions
with ligands, nucleic acids, and other proteins. The group of Burkhard Rost and
other top labs are working on these problems, so let’s stay tuned.
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