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Dedicated to the 2024 Nobel laureates in Chemistry David Baker, Demis Hassabis, and John Jumper for their pioneering work
in computational protein design and protein structure prediction.

Abstract: The ability to predict and design protein
structures has led to numerous applications in medicine,
diagnostics and sustainable chemical manufacture. In
addition, the wealth of predicted protein structures has
advanced our understanding of how life’s molecules
function and interact. Honouring the work that has
fundamentally changed the way scientists research and
engineer proteins, the Nobel Prize in Chemistry in 2024
was awarded to David Baker for computational protein
design and jointly to Demis Hassabis and John Jumper,
who developed AlphaFold for machine-learning-based
protein structure prediction. Here, we highlight notable
contributions to the development of these computa-
tional tools and their importance for the design of
functional proteins that are applied in organic synthesis.
Notably, both technologies have the potential to impact
drug discovery as any therapeutic protein target can now
be modelled, allowing the de novo design of peptide
binders and the identification of small molecule ligands
through in silico docking of large compound libraries.
Looking ahead, we highlight future research directions
in protein engineering, medicinal chemistry and material
design that are enabled by this transformative shift in
protein science.

Protein structure prediction and protein design, two sides
of the same coin, are rapidly transforming how we develop
drugs, detect chemicals and synthesize small molecules.[1] In

1957, the first protein structure was elucidated by X-ray
crystallography,[2] establishing a foundation for understand-
ing protein function and enabling their rational optimization
through engineering. Building on the 200,000 protein
structures (https://www.rcsb.org) solved by experimental
technologies over the last 65 years, AlphaFold2 has revealed
the tertiary structures of millions of additional proteins since
its release in 2020. Today, open-access databases, such as
the AlphaFold Protein Structure Database created in
partnership with EMBL’s European Bioinformatics Insti-
tute, contain more than 200 million protein structures,
including nearly all catalogued proteins known to science
(https://alphafold.ebi.ac.uk).[3]

The availability of experimental and computationally
predicted data for protein structures has likewise shaped
scientists’ ability to create folded proteins from scratch.
Fascinated by how polypeptide chains fold into well-defined
and complex 3D shapes, William DeGrado, Stephen Mayo
and David Baker pioneered the in silico design of new-to-
nature protein structures. Following the construction of
simple systems such as four-helix bundles[4] and zinc-finger
proteins[5] – designed based on rules learned from exper-
imentally determined protein structures – David Baker and
his team further enabled the development of physics and
artificial intelligence-driven computational tools that are
now facilitating protein design efforts in laboratories all over
the world.
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Physics-based de novo protein design

The design of Top7, the first computationally created
protein with a completely new fold, was a landmark achieve-
ment in protein science that has expanded the scope of
protein engineering from simply modifying natural proteins
to creating entirely new ones. Using their computational
software suite Rosetta, David Baker’s team designed the 93
residue-long α/β-protein with near-atomic accuracy both in
terms of backbone structure and placement of the amino
acid side chains.[6] Twenty years later, Rosetta-based de
novo proteins include protein-based binders, receptors, virus
mimics, nanostructures for diverse materials, vaccines and
delivery vehicles.[7]

Rosetta[8] models the three-dimensional structures of
proteins and other biological macromolecules[9], utilising
physics-based energy functions and advanced conforma-
tional sampling algorithms to predict a protein‘s most
energetically favourable configuration given only its primary
amino acid sequence. Rosetta’s energy functions aim to
accurately capture the various physical interactions that
stabilise protein structures, including van der Waals forces,
hydrogen bonding, electrostatic interactions, and solvation
effects.[10] Of note, Rosetta can also incorporate experimen-
tal restraints from techniques such as X-ray crystallography,
NMR spectroscopy, and cryo-electron microscopy to further
guide and refine its structure predictions.[11] Its modular
architecture and the extensive developer community “Ro-
setta Commons” have enabled the continuous expansion of
its functionality through the incorporation of new algorithms
and application-specific protocols. Thanks to these efforts,
the first drug developed through computational protein
design, the COVID-19 vaccine SKYCovione[12], was recently
approved in South Korea and Great Britain and has been
granted emergency use listing by the WHO[13], highlighting
the importance of protein design for pandemic prepared-
ness.

Beyond its protein structure prediction capabilities,
Rosetta has been extended to tackle a wide range of
applications in structural biology and protein engineering,
including its use as a computational engine in software tools
for protein stabilization, such as FRESCO[14], PROSS[15] and
FireProt,[16] in antibody and biomolecular materials engi-

neering, protein-protein and protein-ligand molecular dock-
ing, and, excitingly, enzyme design.[17]

Enzyme design using natural protein scaffolds

Creating proteins with customized catalytic properties,
including activities that do not occur in nature or are rare,
offers scientists unique tools for the sustainable synthesis of
chemicals. With this goal in mind, Baker’s team developed
in silico workflows to equip protein scaffolds with catalytic
function (Figure 1a). Commonly, the design process starts
from an idealized template of a minimal active site,
consisting of a quantum mechanically calculated structure of
the target reaction‘s rate-limiting transition state and amino
acid side chains spatially arranged to stabilize it, resulting in
a so-called “theozyme”.[18] In initial examples, this structure
was then docked into structurally characterized protein
scaffolds, and the resulting active sites were repacked to
maximize stability. The designs were ranked, and the most
promising candidates were tested experimentally.

First successes in creating catalytically active proteins
included a Kemp eliminase, capable of carrying out a
proton-abstraction from the substrate 5-nitro-
benzisoxazole,[19] and a retroaldolase[20] (Scheme 1). The first
Kemp eliminase[19] had only modest activity, but this was
improved starting from a different design[21] and by using
directed evolution.[22] In the best cases, the resulting catalysts
rivaled natural enzymes in terms of their activity and
(enantio)-specificity. In all cases, optimization of the early in
silico-designed enzymes required extensive protein engi-
neering because active sites were too simplistic and active
residue placement was insufficiently accurate.

Rosetta-based methods later enabled the creation of
new-to-nature enzymes for Diels–Alder cycloadditions (Fig-
ure 1a)[23] and the Morita–Baylis–Hillman reaction.[24] More
recently, a computationally designed formolase was created
to catalyse a carboligation reaction, directly fixing the one-
carbon unit formaldehyde into the three-carbon unit
dihydroxyacetone.[25] This formolase was employed in a
chemoenzymatic cascade to make starch from CO2 via
methanol and formaldehyde.[26]

Complementing Rosetta’s ability to install completely
new chemistry into protein scaffolds, another use of the

Scheme 1. Examples of designed enzymes: Kemp eliminase[19,22b,48] (top left) and a retro aldolase (bottom left)[20] were designed using natural
protein scaffolds while a luciferase[46] (top right) and serine hydrolase[49] (bottom right) were completely designed de novo; key amino acids are
indicated together with the name of a well-performing design.
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bioinformatic tools is to help enhance the promiscuous
activity of wildtype enzymes. For example, this approach
was profitably employed to optimize a pantothenate kinase
used in an in vitro biocatalytic cascade for the manufacture
of the HIV drug islatravir.[27]

Machine learning-based de novo protein design

Only a few years after these first computationally designed
enzymes were described, the power and accuracy of
computational protein design were further increased by the
incorporation of artificial intelligence (AI) approaches,
including diffusion models and neural networks.

The goal of diffusion models is to learn a diffusion
process for a given dataset such that the process can
generate new elements that are distributed similarly to the
original dataset. RoseTTAFold Diffusion (RFdiffusion)
leverages these models to generate novel protein
structures.[28] RFdiffusion starts with a random or partially
guided protein backbone. Noise is applied, and then, in an
iterative process, the model removes the noise, allowing the
protein structure to emerge, while respecting structural
constraints and desired features.[28] The model is trained on
large datasets of known protein structures to understand
and generate realistic protein folds and side-chain

orientations.[29] The output is a new protein structure that
can be tailored for specific binding sites, stability, co-factors,
structural features and functions (Figure 1b).

RFdiffusion was validated through computational and
experimental methods, demonstrating its ability to generate
soluble, stable and functional protein structures,[28] including
novel binding proteins, enzyme mimetics, self-assembling
nanostructures and virus-like particles. Selected designs
were synthesized, and X-ray crystallography and cryo-
electron microscopy were used to verify that the experimen-
tally generated proteins closely matched the design models,
while functional assays confirmed that the designed proteins
had the intended functions.[28] Another recently introduced
all-atom diffusion model for protein design, named Protpar-
delle, codesigns the backbone, sequence, and sidechains of a
protein together.[30]

Inverse folding

Message-Passing Neural Network (MPNN) is a deep learn-
ing architecture for protein sequence design developed by
the team of Tommi Jaakkola from MIT[31] and later
optimized and experimentally validated by David Baker and
co-workers.[32] The model operates by taking a protein
backbone structure as input and predicting optimal amino

Figure 1. Computational protein design for new-to-nature function. (a) The design process for the Diels–Alderase CE20 using an existing protein
scaffold.[23] (b) For the purpose of illustration, the CE20 active site was used as a template for de novo protein scaffold generation with RFDiff.

Angewandte
ChemieHighlight

Angew. Chem. Int. Ed. 2025, 64, e202421686 (3 of 9) © 2024 The Author(s). Angewandte Chemie International Edition published by Wiley-VCH GmbH

 15213773, 2025, 2, D
ow

nloaded from
 https://onlinelibrary.w

iley.com
/doi/10.1002/anie.202421686 by M

asaryk U
niversity, W

iley O
nline L

ibrary on [17/01/2025]. See the T
erm

s and C
onditions (https://onlinelibrary.w

iley.com
/term

s-and-conditions) on W
iley O

nline L
ibrary for rules of use; O

A
 articles are governed by the applicable C

reative C
om

m
ons L

icense



acid sequences that would fold into that structure through a
graph neural network. The architecture uses both forward
and backward passes to capture bidirectional dependencies
between amino acids, incorporating geometric and chemical
constraints inherent in protein structures.[32] ProteinMPNN
demonstrates high reliability in designing stable proteins,
achieving sequence recovery rates >50% for many protein
families. However, like all computational design tools, its
reliability depends on the quality of input structural
information and performs best when designing proteins like
those in its training set. ProteinMPNN-ddG, which exhibits
improved accuracy, was recently developed by the company
Peptone[33] and can be used for protein engineering
applications, including stability optimization, interface de-
sign, and novel scaffold creation.

Validating ProteinMPNN’s generality, hundreds of de-
signed proteins covering diverse topologies and sizes have
been synthesized and experimentally tested.[32] Many of
these proteins are stable and correctly folded, as confirmed
by biophysical assays and, in some cases, by solving their
structures through crystallography or cryo-EM. Moreover,
ProteinMPNN has been used to optimize sequences for
known structures such as TEV protease and myoglobin.[34]

Tools such as ProteinMPNN[32], RFdiffusion[35] and
AlphaFold[36], as well as related software including
AlphaProteo[37], PPIformer[38], PINDER[39], and BindCraft[40]

now routinely allow the computational design of novel
proteins that bind to predetermined targets. Harnessing
these improved technologies, designer proteins have been
created that enable targeted protein degradation[41], bind
peptide hormones with subnanomolar affinity[42], or may
even serve as synthetic sensors resembling those in the
nose[43], opening up intriguing possibilities in diagnostics. In
addition, the design of soluble analogues of integral
membrane proteins has been recently demonstrated by
Bruno Correia and co-workers from EPFL and the Swiss
Institute of Bioinformatics by combining ProteinMPNN
with a re-trained MPNNsol and AlphaFold2.[44] Finally,
LigandMPNN, a neural network that explicitly models all
non-protein components of biomolecular systems[45], was
found to significantly outperform Rosetta and Pro-
teinMPNN on native backbone sequence recovery for
residues interacting with small molecules, nucleotides, and
metals.

Enzyme design using de novo protein scaffolds

While Nature’s protein scaffolds can be reprogrammed to
catalyse non-native chemistry (see above), designed protein
structures offer greater control of the protein backbone,
active site and overall structure to fit desired reaction
mechanisms. Avoiding evolutionary constraints, de novo
protein scaffolds can be designed to contain minimal
structural complexity while exhibiting improved stability
and solubility, facilitating the implementation of complex,
multi-step reactions.

Illustrating the power of de novo scaffolds for enzyme
design, luciferases[46] were created that selectively oxidize

diphenylterazine, which possesses a high quantum yield, red-
shifted emission and favourable in vivo pharmacokinetics
compared to natural substrates.[47] The protocol combined
RosettaDesign with hallucinations, ProteinMPNN, gene syn-
thesis and site-saturation mutagenesis, providing an active
site containing an arginine residue to stabilize the anionic
state of diphenylterazine required for the chemiluminescent
reaction and optimized pocket polarity for the single-
electron transfer process with triplet molecular oxygen. The
best design achieved a catalytic efficiency (kcat/KM) of 10

6
M
�

1 s � 1, which is in the range of natural luciferases.[46]

Expanding Rosetta’s capabilities further, Baker and co-
workers recently combined RFdiffusion with a newly
developed ensemble generation method (ChemNet) to
design serine[49] and zinc-dependent[49–50] hydrolases. Assess-
ing active site geometry and preorganization at each step of
the ester hydrolysis, de novo designed hydrolases were
created that catalyse ester hydrolysis with catalytic efficien-
cies (kcat/KM) up to 2.3×10

4
M
� 1 s� 1. These studies represent a

significant step towards the de novo design of enzymes for
applications in the chemical and pharmaceutical industries.[7]

Protein structure prediction from sequence

A longstanding ‘holy grail’ in biochemistry and structural
biology has been predicting a protein‘s tertiary structure
from its amino acid sequence.[51] While gradual advances
have been made, the methods developed over the past few
decades struggled to achieve atomic accuracy, especially
when no similar protein structure was known. In 2020,
Demis Hassabis, John Jumper and the team from DeepMind
introduced AlphaFold – a novel neural network-based
model that can consistently predict protein structures with
atomic accuracy, even in the absence of homologous
structures.[36] In the CASP14 competition[52], AlphaFold
demonstrated exceptional performance (90% accuracy),
rivalling experimental methods and outperforming other
computational approaches including Rosetta-based
methods.[53]

AlphaFold2

AlphaFold’s success is attributed to its innovative architec-
ture (Figure 2), which integrates physical and biological
principles related to protein structure. By incorporating
multiple sequence alignments (MSA), AlphaFold leverages
evolutionary information to refine its predictions.[36] Togeth-
er with related tools such as RoseTTAFold[54], ESMFold[55]

and ColabFold,[56] AlphaFold2’s ability to predict structures
with near-experimental accuracy has opened up new
avenues of research and applications in structural biology[57],
protein[58] and vaccine design[59], as well as for the prediction
of protein function[60] and protein-protein interaction.[61]

While AlphaFold2 and related tools have had a tremen-
dous impact on structural biology and protein design, fewer
successful applications in drug discovery have been
described.[62] In retrospective docking studies, AlphaFold2
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models can fall short in reliably reproducing binding modes
or differentiating active compounds from decoys when
compared to the same calculations done with experimental
structures. This limitation can reduce the effectiveness of
AlphaFold2 models in simulations intended for identifying
potential drug candidates, as binding accuracy is crucial in
distinguishing functional compounds from inactive ones.
However, in prospective studies, the models have shown
notable utility. For instance, therapeutic targets such as the
σ2 receptor and the serotonin 2 A receptor were selected for
ligand discovery using AlphaFold2 models before the
proteins’ experimental structures were available. Large
libraries of small molecules were docked against both
AlphaFold2-generated and later-released experimental
structures for these receptors. Remarkably, prospective
docking against AlphaFold2 models was just as effective in
identifying potential ligands as docking against the actual
experimental structures. The fact that the use of modelled
versus experimental protein structure also led to the
identification of different hit molecules indicates that a

subset of the AlphaFold2 models may represent low-energy
alternative receptor conformations that can equally guide
the discovery of new ligands, enlarging molecular space.[63]

In a similar drug discovery approach, a small molecule
ligand was designed for cyclin-dependent kinase 20, a
potential therapeutic target to treat hepatocellular carcino-
ma, for which no experimental structure was available.
Using a generative chemistry platform (Chemistry42),
ligands could be designed and synthesised within 30 days
from target selection, exhibiting appreciable binding con-
stants in the micromolar range.[64] Beyond guiding the design
of ligands for specific structurally uncharacterised target
proteins, AlphaFold structures of the human proteome have
also been utilised to identify and describe druggable pockets.
Looking forward, this type of overview could help prioritise
chemical probe development.[65]

Figure 2. Model architecture of AlphaFold2. AlphaFold2 uses the input amino acid sequence to query several databases of protein sequences and
constructs a multiple sequence alignment (MSA). In parallel, AlphaFold2 attempts to identify proteins that may have a similar structure to the
input, so-called templates and constructs an initial pair representation of the structure, modelling which amino acids are likely to be in contact
with each other. Next, AlphaFold2 passes the MSA and the templates through a transformer, named Evoformer, that quickly identifies which pieces
of information are most informative. Finally, the obtained information is passed to a structure module, which takes the refined MSA and pair
representations and leverages them to construct a three-dimensional model of the protein. The network generates a final structure in a single step
without any optimization algorithm, which makes AlphaFold2 distinct from previous models. After generating a final structure, all the information
– MSA and pair representations, and the predicted structure – are passed back to the Evoformer blocks, allowing iterative refinement of the
prediction.
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AlphaFold3

Further optimization of the AlphaFold2 design architecture
has yielded AlphaFold3,[66] a more versatile and efficient
tool for biomolecular modelling, extending its capabilities
beyond those of its predecessors. The most crucial innova-
tion in AlphaFold3 is its ability to model a wide range of
biomolecular complexes. Unlike AlphaFold2, specifically
tailored for modelling proteins and protein-protein com-
plexes, AlphaFold3 allows for the inclusion of modified
residues, metals, ligands and nucleic acids.

In AlphaFold2, protein structures were represented by
associating a rigid body frame with each amino acid,
focusing on the Cα-atoms, with side chains parameterised by
χ-angles. This protein-specific approach does not generalise
to non-proteins. AlphaFold3 models systems as collections
of individual atoms, each with independent global coordi-
nates and free from rigid constraints.[66] This allows the
model to learn the chemical structure of molecules through
training rather than parameterised output constraints im-
proving its ability to capture protein-ligand interactions.

Future Directions

We are heading toward a future where designing custom
proteins will be as accessible as ordering from a vending
machine, enabling scientists to specify proteins by function,
size, and binding characteristics.[67] However, to access this
reality, unresolved challenges include reliably creating new
catalytic functions, understanding proteins’ conformational
changes, and designing multi-functional molecular
machines.[1a,68] The complexity is due, in part, to the intricate
dynamics of proteins, which often require precise folding
and interaction patterns that are difficult to model fully.
Despite these hurdles, AI-driven tools like RFdiffusion and
AlphaFold continue to make strides, showing promise in
designing enzymes capable of catalyzing complex reaction
trajectories.[49–50]

The fully programmable design of dynamic proteins will
require careful engineering of energy landscapes to enable
controlled transitions between multiple states, considering
factors like protein-ligand interactions, allosteric interac-
tions, solvent effects, and entropic contributions. To model
the intricate interplay between local flexibility and global
conformational changes, first models such as AF-Cluster[69]

or Flexpert-Design were developed. Understanding and
creating dynamic proteins will be further supported by the
application of data-driven techniques to analyze molecular
dynamic simulations.[70] Well-curated databases of trajecto-
ries are appearing and will play an essential role in training
and validating these models (see: https://bioexcel.eu/molec-
ular-dynamics-databases-at-the-cusp-of-an-upward-trajec-
tory/). Looking ahead, these developments will be further
supported by improvements in quantum computing technol-
ogies which will allow us to solve certain problems faster
than classical computers.[71] This long-awaited event will
showcase the ’quantum advantage’ in biocatalysis, demon-
strating the use of a quantum computer to solve a practical

problem that is impossible to address with classical com-
puters.

While in silico protein design plays an increasingly
important role in many applications, directed evolution
(recognized with a Nobel prize in 2018 to Frances H.
Arnold[72]) will remain a key technology to improve the
properties of designed and natural enzymes, including
activity, stereoselectivity, expression yield, thermal stability,
tolerance to organic solvents, and substrate specificity (see
Highlight from 2018[73]). Looking forward, enzyme engineer-
ing will become even more powerful by integrating protein
structure prediction and design tools as well as through the
application of machine learning.[74] The latter has progressed
from its initial use of multivariate statistical analyses of a
small number of enzyme variants[75] to the application of
artificial neural networks.[76] However, development limita-
tions through lack of data are becoming more obvious[77] and
further improvements in the methods will depend on our
capacity to generate, curate and store high-quality biological
data in the same way as the community of structural
biologists has achieved for protein structures in the Protein
Data Bank.

We are on the cusp of the “century of the protein”:
Integrated approaches that combine computational power
with empirical testing will drive the field of protein science,
and particularly biocatalysis, forward such that the goal of
routine, custom-designed protein generation is not just a
possibility but an impending reality.
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