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Abstract
Proteins are on the top of the list of the most important biomolecules that contribute
to virtually every biochemical activity in the human body and other biological species.
Knowledge of the 3D structure of proteins was fundamental for their function and
scientists worked very hard for decades to reveal their 3D structure. The difficulties
to predict the accurate 3D structure of proteins with the conventional methods (X-ray,
NMR and Cryo-electron microscopy) encouraged some scientists to support the idea
of resolving the problem by computational methods. The Artificial Intelligence
AlphaFold 2, AI-based program developed by Google‘s DeepMind to crack the
problem of predicting protein structures from amino acid sequence, made a strike in
late 2020 when it ―won‖ the 14th edition of CASP (Critical Assessment of Structure
Prediction). In 2022 DeepMind and the European Molecular Biology Laboratory‘s
and the European Bioinformatics Institute (EMBL-EBI) have partnered to create
AlphaFold (Protein Structure) DataBase to make these predictions freely available to
the scientific community. The latest database (2022) contains over 200 million
entries, providing broad coverage of UniProt (the standard repository of protein
sequences and annotations). How a protein folds, functions and interacts with other
molecules, remained one of the most critical problems in bioinformatics. These
exciting results open up the potential for biologists to use computational structure
prediction as a core tool in scientific research. AI methods may prove especially
helpful for important classes of proteins, such as membrane proteins, that are very
difficult to crystallize, important for typical experimental determinations.
In 2022 researchers (Wang et al., Science 2022) described the Deep Learning
approaches for protein scaffolding such as functional sites without needing to
prespecify the fold or secondary structure of the scaffold. The first approach,
―constrained hallucination,‖ optimizes sequences such that their predicted structures
contain the desired functional site. The second approach, ―inpainting,‖ starts from the
functional site and fills in additional sequence and structure to create a viable protein
scaffold in a single forward pass through a specifically trained RoseTTAFold network.
RoseTTAFold is a software tool that uses deep learning to quickly and accurately
predict protein structures based on limited information.
At present, Artificial Intelligence has become a horizontal infrastructure, supporting
the development for a variety of natural science disciplines and technological
applications. The use of neural networks and AI software in natural science setting
promoted the cross-fertilization between disciplines, such as the advancement of
mathematical modeling, contemporary disciplines of Physics, specialised Chemistry
fields, Materials science, Engineering, Biology and Biomedical Engineering.
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Introduction: The importance of 3D protein structure
Natural science scientists for decades were striving to study the
geometric structure in 3-dimensions (3-D or 3D) of proteins by using various
methods (X-ray crystallography, NMR and Cryogenic electron microscopy).
The 3D protein structure prediction was extremely difficult and complicated.
The reason was that polypeptides are very flexible, with the ability to rotate in
multiple ways at each amino acid unit, which means that the polypeptide is
able to fold into a staggering number of different shapes.

Figure 1. The function of a protein is highly dependent on its 3-D structure.
The amino acid sequence of a polypeptide chain determines the final 3D
structure of the proteins. There are 4 structures: primary, secondary, tertiary
and the quaternary structure and 2 main classes of 3D protein structures:
globular and fibrous proteins. [https://biologydictionary.net/protein-structure/].
Proteins are the most important building blocks of life, each with a
unique shape that determines their function, such as catalyzing biochemical
reactions or enabling muscles to contract. Scientists put amazing research
efforts for the ability to accurately predict or determine the spatial
arrangement of amino acids, that would provide a better insight into the role of
proteins and the mechanisms through which these essential macromolecules
function in biological organisms.
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Knowledge of protein‘s 3D structure was always a difficult scientific
problem but also lead to understanding how proteins work in biological
systems and their fundamental roles. Determining the three-dimensional
structure of protein molecules was a cornerstone for many aspects of modern
biological research. Currently, over 7 million protein sequences are deposited
in the UniProtKB/TrEMBL database, but only ∼50.000 of them have
experimentally solved 3D structures. These numbers can be frustrating to
molecular and cell biologists who need 3D models of proteins for their
research. The high demand of the scientific community for protein structures
has placed computer-based protein structure prediction, with the task to
alleviate the problem, at an unprecedentedly crucial position. Accurate threedimensional (3D) structure of proteins by shape prediction and assessment is
pivotal for mastering their biological functions in biological tissues when
exploring drug discovery. The goal of drug discovery is to contrive bioactive
molecules that modify a disease, while keeping adverse toxic effects
controllable. These requirements are met when a drug molecule binds to one
or more target proteins that are implicated in the pathophysiology of a
disease.

Figure 2. The Universal Protein Resource Consortium (UniProt) represents a
standard of excellence in protein information. It is a massive resource of data
and services deeply embedded in the life sciences culture. A collaboration of
Swiss Institute of Bioinformatics (SIB), the European Bioinformatics Institute
(Hinxton , Cambridge, EMBL-EBI) in the UK and the Protein Information
Resource (PIR) in the USA, UniProt is a thriving international teamwork
across three sites with over 100 employees.
For many decades a large number of scientists in the various natural
science fields studied and attempted to predict how a protein folds, functions
and interacts with other molecules. Until now the 3D protein structure of the
million biological proteins remained one of the most critical problem in
biochemistry, biology and bioinformatics. Determining protein structures and
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their function from amino acid sequence data remained an essential part of
modern molecular biology.

The importance of proteins in biology
Proteins are on the top of the list of the most important biomolecules
that contribute to virtually every biochemical activity in the human body and
other biological species. Proteins form hair and fingernails, carry oxygen in
the blood, allow muscles to move, are biocatalytic enzymes, and much more.
Scientists estimated that the human body contains between 80,000 and
400,000 different proteins. Cells have different proteomes depending on their
cell type. Proteins as enzymes play a fundamental role in a great number of
biochemical reactions in metabolism. Other proteins have special 3D shapes
and specific biochemical functions. Another type, called transporter proteins,
are embedded in the cell‘s outer membrane and form channels that help vital
substances such as sodium or potassium pass into or out of the biological
cells. The immune system produces active proteins that are secreted from
immune cells. Human body proteins are continually being repaired and
replaced with a process known as ‗protein synthesis‘. Humans take proteins
from their diet to help body repair cells and make new ones. Proteins are
important for growth and development in children and pregnant women.

Figure 3. Proteins are essential macromolecules with vital biological
functions. Essential amino acids are found in different foods. The best
sources of amino acids are found in animal proteins such as beef, poultry and
eggs. Animal proteins are the most easily absorbed by the human body.
Foods that contain all 9 essential amino acids are called complete proteins,
including beef, poultry, fish, eggs, dairy, soy, quinoa and buckwheat. Foods
with incomplete proteins (not all essential amino acids) are nuts, seeds, beans
and some grains.
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Humans and other biological species require a continuous supply of
amino acids for the bio9chemical synthesis of proteins. Some amino acids
can be recycled from the breakdown of old body proteins, Food is the main
source of amino acids. Dietary proteins (plant and animal) are able to keep up
human‘s body‘s amino acid demand. Proteins are the most essential
biochemical substances for cell and tissue growth, particularly important
during periods of rapid growth or increased demand, such as childhood,
adolescence, pregnancy, and breastfeeding.

Methods for the determination of 3D protein structures
Over the last decades structural biologists have experimentally
determined protein structures through complex methodologies. The most well
known method was the X-ray crystallography. Other methods were the
nuclear magnetic resonance spectroscopy (NMR), the electron microscopy
and, in recent years the Cryo-electron microscopy. These methods were very
accurate, but they were very costly and extremely time-consuming. Inevitably
a very small numbers of 3D protein structures were determined.
X-ray crystallography and protein structure

Figure 4. X-rays use purified-crystallized protein sample at high
concentration. It is exposed to a diffractometer, crystalline atoms cause a
beam of incident X-rays to diffract into numerous specific directions. The
intensities and angles of diffractive beams are recorded and fed into a
computer, which utilizes mathematical equation with Fourier transforms to
calculate the position of each atom and then produces a 3D digital image of
electron density. [https://www.creative-biolabs.com/protein-protein-interactionassay-by-x-ray-crystallography-service.html ].
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Determination of 3-D protein structures by NMR
NMR (Nuclear Magnetic Resonance) spectroscopy is another
approach that enable determining 3D structures of bio-macromolecules,
such as proteins, DNA/RNA, and their complexes, at atomic resolution,
under their natural state. NMR advantage is that it allows investigation of
time-dependent chemical and conformational phenomena, including reaction
and folding kinetics and intra-molecular dynamics.

Figure 5. A Nuclear Magnetic Resonance Spectroscopy (NMR) platform
provides services ranging from the production of labeled proteins to the
acquisition and analysis of high field NMR data. Wide ranges of samples are
tested, including both liquid and solid-state samples. Efficient and reliable
NMR structure determination requires acquisition of high quality
experimental data, application of computational NMR methods and specialist
knowledge for interpretation and manual fine-tuning of the results.
Cryo-Electron Microscopy and protein structure
One of the primary challenges with investigating dynamic biological
processes is the inherent complexity of biological machinery. Traditional
structural biology techniques have struggled with large and/or dynamic protein
systems, requiring indirect observation or the study of fragments. Luckily,
single particle analysis has emerged as a well-suited approach for the direct
determination of native function and dynamics in complex biological systems.
Cryo-electron microscopy (cryo-EM) became an established method
for the determination of 3D structural information for a wide range of
biomolecules, including proteins and protein complexes. Until recently,
proteins had to be crystallized to reconstruct and visualize them with X-ray
crystallography. Cryo-Electron Microscopy (EM) has become an extremely
popular method for the ultrastructural study of macromolecules, cells, and
tissues. An aqueous biological sample is frozen rapidly and irradiated with a
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beam of electrons. A detector senses how the electrons are scattered, and a
computer reconstructs the 3D-shape of the molecule. Cryo-Electron
Microscopy (EM) is comprised of several applications and has revolutionized
the study of proteins, their complexes, and their dynamics.

A computational method to predict protein structures (CASP)
The difficulties to predict the accurate 3D structure of proteins with the
conventional methods encouraged some scientists to support the idea of
resolving the problem by computational methods. In 1994, Krzysztof Fidelis
(University of California, CA, USA) and John Moult (University of Maryland,
MD, USA) founded the Critical Assessment of Structure Prediction
(CASP), which was a biennial computational competition event to test how
accurate can be these computational models and their methodology.

Figure 6. From the article in prestigious journal Nature. Callaway E. It will
change everything: DeepMind‘s AI makes gigantic leap in solving protein
structures. Google‘s deep-learning program for determining the 3D shapes of
proteins stands to transform biology, Nature 588:203-204, 2020, 30/11/2020
[https://www.nature.com/articles/d41586-020-03348-4].
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The founders prefer to think of this as an experiment, instead of a
competition, where around 100 teams use their models to predict the 3D
structure of proteins from their given amino acid sequence. These protein
structures have been experimentally determined but not released to the
public, and will be compared to the computationally predicted conformation.
From the CASP13 held in 2018, there was a dramatic progress in
structure modeling without use of structural templates (historically ―ab initio‖
modeling). Progress was driven by the successful application of artificial
intelligence (AI) Deep Learning techniques to predict inter-residue distances.
In turn, these results drove dramatic improvements in 3D structure accuracy.
One scientific group DeepMind, AlphaFold method, appear to have very
successfully deployed this technique with the most accurate results overall.
There have been 14 previous CASP experiments. The 15th experiment
is planned to start in Spring 2022. Participants are typically required to return
computed structures within 3 weeks. Participating automatic servers are also
sent the sequences, and must return models within 72 h. Submitted structures
are analyzed by a team of independent assessors. The primary focus of
CASP has always been on computing the structures of single proteins and
domains. There is also an analysis of how useful the computed structures are
for deducing aspects of function related to molecular recognition. In CASP14,
a total of 97 research groups from 19 countries tested 215 modeling methods
and submitted over 67.000 predictions in 6 prediction categories. Structures of
52 proteins and protein–protein complexes were received from the
experimental community in time for the assessments. 42 were determined
using X-ray crystallography, 7 using Cryo-electron microscopy (cryo-EM), and
3 by NMR (Nuclear Magnetic Resonance).

CASP 14 (2020) AlphaFold2 high accuracy models
CASP14 (2020) saw an extraordinary increase in the accuracy of the
computed 3D protein structures. One research group, AlphaFold2 from the
company DeepMind (Google DeepMind), submitted models competitive with
experimental accuracy for at least 2/3 of the targets, available online at
https://predictioncenter.org/casp14/results.cgi). Other groups also showed
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substantial improvements. The CASP14 has shown that the problem of
computing atomic accuracy protein structures from amino acid sequence is
solved, at least for single, ordered, proteins. The improvements in model
accuracy by AlphaFold2 and the other leading groups almost all arise from
more advanced use of deep-learning methods. The AlphaFold 2 methodology
consistently produces models competitive in accuracy with the best
experimental results, and subatomic scale differences from experiment are
the norm. In this sense, it is an almost complete solution to the problem of
computing 3D structure from amino acid sequence.
AlphaFold 2, the Artificial Intelligence, AI-based program developed by
Google‘s DeepMind to crack the problem of predicting protein structures, made
a strike in late 2020 when it ―won‖ the 14th edition of CASP (Critical
Assessment of Structure Prediction).

Figure 7. DeepMind has been able to make significant progress toward
solving the protein folding problem. AlphaFold 2 is built on the same
Transformer machine learning architecture as another breakthrough –
Generative Pre-trained Transformer 3 (GPT-3) – the Open AI language model
that generates text in many cases indistinguishable from human writing.
Google acquired DeepMind Technologies in 2014 for $500M.

In the results from the 14th CASP assessment (2020), AlphaFold
system achieved amazing results of accuracy in the 3D protein structure
predictions. AlphaFold achieved a median score of 92.4 GDT overall across
all targets. This means that AlphaFold predictions have an average error
(RMSD) of approximately 1.6 Angstroms [1 Ångström, Angstrom =
-10

0.0000000001 meter (10

m)], which is comparable to the width of an atom

(or 0.1 of a nanometer, 10-9 m). Even for the very hardest protein targets,
those in the most challenging free-modeling category, AlphaFold achieved a
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median score of 87.0 GDT [GDT, a higher score means better agreement,
and a GDT of 100 means the folds are the same].
These exciting results open up the potential for biologists to use
computational structure prediction as a core tool in scientific research. AI
methods may prove especially helpful for important classes of proteins,
such as membrane proteins, that are very difficult to crystallise and
therefore

challenging

to

experimentally

determine.

Professor

Venki

Ramakrishnan, Nobel Laureate and President of The Royal Society
(London, UK) said ―this computational work represents a stunning advance
on the protein-folding problem, a 50-year-old grand challenge in biology. It
has occurred decades before many people in the field would have
predicted. It will be exciting to see the many ways in which it will
fundamentally change biological research.
Also, very complementary comments for the achievement were
presented by Professor Andrei Lupas, Director of the Max Planck Institute
for Developmental Biology and a CASP assessor, ―……AlphaFold‘s
astonishingly accurate models have allowed us to solve a protein structure
we were stuck on for close to a decade, relaunching our effort to
understand how signals are transmitted across cell membranes…..‖ 1

Predicting protein 3D structures from amino acid sequences
was coined “scientific breakthrough” of the year 2021
In July 2021, DeepMind with the cooperation of EMBL-EBI (European
Molecular Biology Laboratory and European Bioinformatics Institute) made
the AlphaFold database of 3D protein structures public and freely accessible
to users worldwide. By the beginning of 2022, the curated database had
grown to contain one million protein structure predictions, and the ability to
predict protein structures from amino acid sequences was coined scientific
breakthrough of the year 2021. Scientists at EMBL have used structural
biology approaches to reveal, probe and manipulate protein structures for
many decades. With the launch of the AlphaFold Protein Structure Database,
EMBL researchers have explored how the Artificial Intelligence (AI) tool can
drive new approaches and understanding of protein structure and function.
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The EMBL-EBI database of biomolecules was started in 1980 at the
European Molecular Biology Laboratory in Heidelberg, Germany. The intent
was to establish a database of DNA sequences. Due to the influx of large data
of biology information, the EMBL council decided to establish the European
Bioinformatics Institute at Hinxton, Cambridge, United Kingdom in 1992. At
this point in their history the EMBL-EBI databases consisted of the European
Nucleotide Archive, and Uniprot (proteins 3D structures).

EMBL-EBI, Hinxton,Cambridge UK

Figure 8. The European Bioinformatics Institute (EMBL-EBI) has 6 buildings
in European cities with headquarters in Heidelberg. It is a centre for research
and services in bioinformatics. It is a global leader in the storage, analysis and
dissemination of large biological datasets, and helps scientists realize the
potential of ‗big data‘ by enhancing their ability to exploit complex information
to make discoveries that benefit mankind. With 27 member states, EMBL has
more than 110 independent research groups and service teams covering the
spectrum of molecular biology at six sites in Barcelona, Grenoble, Hamburg,
Heidelberg, EMBL-EBI Hinxton, Cambridge(UK), and Rome.
Following the successful collaboration on the AlphaFold database, a
delegation from DeepMind visited EMBL Heidelberg (February 2022) to learn
more about EMBL research and services, and to discuss with scientists
potential future directions in the application of AI in the life sciences. 2
DeepMind founder and CEO Demis Hassabis, and AlphaFold team
explained their work to develop AlphaFold as a new deep learning-based
system. From the first steps towards developing the methodology and
underlying machine learning ideas to the immense implications for molecular
biological research now and in the future. The researchers in DeepMind and
EMB noticed that this is exciting new era in digital biology, and AI is a
powerful

tool

for

accelerating

scientific

discovery.

The

partnership

EMBL/AlphaFold on Protein Structure Database has been a wonderful and
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extraordinarily fruitful collaboration with very bright future. Dr. Ewan Birney,
(FRS Royal Society) EMBL Deputy Director General and EMBL-EBI Director,
said: ―the cooperation with DeepMind on AlphaFold has really been
successful, and we want to extend that collaborative spirit between EMBL and
DeepMind to more parts of EMBL. Artificial intelligence is a game changer
and will fast-track biological discoveries in various ways in the years to come.‖
The Director General of EMBL Edith Heard said: ―It was a great pleasure to
host the DeepMind team, and EMBL is proud to have helped ensure the
AlphaFold tool was made freely available, and are looking forward to the next
developments in AI-assisted research‖ 2

DeepMind in partnership with EMBL released the predicted 3D
structure of almost every protein (200 million)
In the end of July 2022, the Artificial Intelligence (AI) company
DeepMind, in partnership with the European Molecular Biology Laboratory
(EMBL), has released the predicted structures for almost every protein known
to science – over 200 million structures in total.3
The structures were produced using DeepMind‘s AlphaFold system,
which predicts the 3D structure of proteins based on their amino acid
sequences. The structures have been added to the open source AlphaFold
Protein Structure Database, maintained already by the EMBL. ‗It‘s our gift to
humanity, and a demonstration of the benefits AI can bring to society,’
announced DeepMind‘s co-founder and chief executive Demis Hassabis on
Twitter.3
The research team of AlphaFold worked very quickly in the last few
years to produce the AI programme to compute 3D structures of known
proteins. In 2021 AlphaFold had computed just 350,000 protein structures.
Since then, more than 500,000 researchers from nearly 200 countries have
accessed the AlphaFold database to view over 2 million structures. Its freely
available structures have also been integrated into other public datasets like
the European Bioinformatics Institute‘s Ensemble genome database and
UniProt – a protein sequence and functional information resource.
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In 28 July 2022 the prestigious journal Nature in its news section
published a detailed account of the recent developments in the release of
database of around 200 million proteins.4
―….

From 20 July 2022, determining the 3D shape of almost any protein

known to science will be as simple as typing in a Google search. DeepMind‟s
AlphaFold tool has determined the structures of around 200 million proteins,
from almost every known organism on Earth. Researchers have used
AlphaFold [the revolutionary artificial-intelligence (AI) network] to predict the
structures of some 200 million proteins from 1 million species, covering nearly
every known protein on the planet. The data dump will be freely available on a
database set up by DeepMind, Google‟s London-based AI company that
developed AlphaFold, and the European Molecular Biology Laboratory‟s
European

Bioinformatics

Institute

(EMBL-EBI),

an

intergovernmental

organization in Hinxton (near Cambridge), United Kingdom (UK)….”.
According to scientists working in the life science fields “..the 3D
structure of a protein is what determines its function in cells. Most drugs are
designed using structural information, and accurate maps are often the first
step to discoveries about how proteins work. AlphaFold database was
launched one year ago with 350,000 structure predictions covering nearly
every protein made by humans, mice and 19 other widely studied organisms.
The catalogue has since swelled to around 1 million entries and many
scientists are delighted for the release of this huge trove…”.
“….The release of AlphaFold last year (2021) made a splash in the lifesciences community, which has been scrambling to take advantage of the
tool. The network produces highly accurate predictions of the 3D structure of
proteins. It also provides information about the accuracy of its predictions, so
researchers know which to rely on (unlike the results from the traditional
methods). According to EMBL-EBI, around 35% of the more than 214 million
predictions are deemed highly accurate, which means they are as good as
experimentally determined structures. Another 45% were deemed confident
enough to rely on for many applications……. ―. (Nature 608:15-16, 2022)
―…..The 200 million protein structure predictions released 28.7.2022 are
based on the sequences in another database, called UNIPROT. It‟s likely that
scientists will have already had an idea about the shape of some of these
13

proteins, because they are covered in databases of experimental structures or
resemble other proteins in such repositories….”
The science reporter emphasized that “…. because AlphaFold software
has been available for a year, researchers have already had the capacity to
predict the structure of any protein they wish. But many say that the
availability of predictions in a single database will save researchers time
money. A structural modeller at EMBL Hamburg in Germany, (Kosinski Jan)
who has been running the AlphaFold network over the past year, can‟t wait for
the database expansion. His team spent 3 weeks predicting the proteome of a
pathogen (proteome is the complete set of proteins expressed by an
organism), but now scientists can just download all the models….”.
“…..Having nearly every known protein in database will also enable new
kinds of life science studies. Scientists have used the AlphaFold database to
identify new kinds of protein families, and they will now do this on a far
grander scale. The expanded database will help researchers to understand
the evolution of proteins with helpful properties, such as the ability to consume
plastic, or worrying ones, like those that can drive cancer. Identifying distant
relatives of these proteins in the database can pinpoint the basis for their
properties…..”.
“…..A computational biologist at Seoul National University (Martin
Steinegger) who helped develop a cloud-based version of AlphaFold, is
excited to see the database expand. But he says that researchers are likely to
still need to run the network themselves. Increasingly, people are using
AlphaFold to determine how proteins interact, and such predictions are not in
the database. Nor are microbial proteins identified by sequencing genetic
material from soil, ocean water and other „metagenomic‟ sources. Some
sophisticated applications of the expanded AlphaFold database might also
depend on downloading its entire 23 terabyte contents [ terabyte (TB) is a unit
of digital data that is equal to about 1 trillion bytes], which won‟t be feasible for
many teams. Cloud-based storage could also prove costly.
“….Even with every known protein included, the AlphaFold database will
need updating as new organisms are discovered. AlphaFold‟s predictions can
also improve as new structural information becomes available….”.4
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The prestigious journal Science (USA) claimed in an article, 29 July
2022, that ―… New era in digital biology: Artificial Intelligence reveals
structures of nearly all of proteins. The structure bounty comes from
AlphaFold, one of the new AI programs that have cracked the protein folding
problem,

the

long

standing

problem

of

biology

for

50

years….”.

[https://www.science.org› content › article › new-era-digit.].

Is this a new era of artificial intelligence in biology?
Proteins are the building blocks of life, each with a unique shape that
determines their function. Knowledge of 3D protein structures can be
extremely useful in biology, medicine and pharmacology. A large number of
scientists think that structural biology has entered a revolutionary phase when
structure prediction methods, particularly AlphaFold2, consistently produce
reliable computational structure models with atomic accuracy. Protein 3D
structure prediction has been extensively studied in the computational biology
community. The recent spectacular advances by Artificial Intelligence (AI)
programs in 3D structure predictions from protein sequences have
revolutionized the field in terms of accuracy and speed.
―….The protein-folding problem is finally solved through DeepMind‘s
AlphaFold. Artificial intelligence (AI) has changed the way science is done by
allowing researchers to analyze the massive amounts of data that modern
scientific instruments generate. It can find a needle in a million haystacks of
information and, using deep learning, it can also learn from the data itself is
accelerating advances in gene hunting, medicine, drug design, and the
creation of organic compounds. Deep learning uses algorithms, often neural
networks that are trained on large amounts of data, to extract information from
new data. It is very different from traditional computing with its step-by-step
instructions..‖. [Analytics Insight, 20/7/2022, https://www.analyticsinsight.net/
deepminds-alphafold2-solves-the-long-stood-protein-folding-problem/].
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Commends by the scientific community on AlphaFold2 success:
Paul Nurse, Nobel Laureate for Physiology or Medicine 2001, Director of
the Francis Crick Institute and Chair of EMBL Science Advisory
Committee “With this resource freely and openly available, the scientific
community will be able to draw on collective knowledge to accelerate
discovery, ushering in a new era for AI-enabled biology.”
Venki Ramakrishnan, Nobel Laureate for Chemistry 2009 and former
President of the Royal Society “This computational work represents a
stunning advance on the protein-folding problem, a 50-year-old grand
challenge in biology.”
Prof. Dame Janet Thornton, Director Emeritus of EMBL-EBI. “This
contributes to our knowledge and understanding of living systems, with all the
opportunities for humanity this will unlock.”
The successful application of AlphaFold2 in 3D protein structures
initiated future projects for AI applications in biology and medicine. In the
coming years. DeepMind intends to partner with teams at the Drugs For
Neglected Diseases Initiative and the World Health Organization (WHO), with
the goal of finding cures for little-studied, yet pervasive, tropical diseases such
as Chagas disease and Leishmaniasis. "….It will make many researchers
around the world think about what experiments they could do," Ewan Birney,
DeepMind collaborator and deputy director of the EMBL, told reporters. "And
think about what is going on in the organisms and the systems that they
study….." ,5
“….Almost a decade ago, the “resolution revolution” in cryoEM, driven
by major technical advances, dramatically improved the capabilities of
structural biology. This field is experiencing another revolution, linked to the
impressive improvement of machine-learning structure prediction algorithms
like AlphaFold2. Accurate structures can now be predicted for virtually any
protein, just from their sequence. AlphaFold2 notebooks are quite convenient
and easy to use, thereby allowing structural biologists as well as nonspecialists to obtain structures of their favorite samples in few minutes or few
hours. AlphaFold2 is likely to become an essential step of structure
determination workflows. Indeed, it synergizes with experimental methods in
assisting

in

the

production

of

suitable

samples

determination/interpretation of experimental structures…..”.
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6

and

the

For the time being, experimental techniques like X-ray crystallography
and cryo-EM are the only methods capable of dealing with conformational
dynamics, ligand binding, and complex formation of proteins. However, future
improvement of machine-learning programmes, which might be combined to
molecular dynamics calculations, could seriously reduce the prevalence of
experimental approaches to decipher protein structure-function relationships.6

Deep learning can design proteins that contain prespecified
functional sites
The binding and catalytic functions of proteins are generally mediated
by a small number of functional residues held in place by the overall protein
structure. The biological properties of a protein molecule depend on its
physical interaction with other molecules and all proteins stick, or bind, to
other biochemical molecules. In some cases, this binding is very tight; in
others, it is weak and short-lived. But the binding always shows great
specificity, in the sense that each protein molecule can usually bind just one
or a few molecules out of the many thousands of different types it encounters.
The substance that is bound by the protein, whether it is an ion, a small
molecule or a macromolecule, it is referred to as a ligand for that protein.

Figure 9. In biochemistry and pharmacology, a ligand is a substance that
forms a complex with a protein biomolecule to serve a biological purpose. In
protein-ligand binding, the ligand is usually a molecule which produces a
signal by binding to a special site (with key-locker site) on a target protein.
This is known as the ligand‘s binding site, usually consisting of a cavity in the
protein surface formed by a particular arrangement of amino acids.
In the last decades biochemists worked on the problem of protein
design that had success in finding sequences that fold into a desired
conformation. This aspect of protein structure and designing functional
17

proteins remains highly challenging to researchers. In a recent article (2022)
in Science a scientific team described two deep-learning methods to design
proteins that contain prespecified (pre-specified) functional sites. In the first,
they found sequences predicted to fold into stable structures that contain the
functional site. In the second, they retrained a structure prediction network to
recover the sequence and full structure of a protein given only the functional
site. The authors demonstrate their methods by designing proteins containing
a variety of functional motifs.7
Researchers (Wang et al., Science 2022) described in the introduction
of the scientific paper the deep learning approaches for scaffolding such
functional sites without needing to prespecify the fold or secondary structure
of the scaffold. The first approach, ―constrained hallucination,‖ optimizes
sequences such that their predicted structures contain the desired functional
site. The second approach, ―inpainting,‖ starts from the functional site and fills
in additional sequence and structure to create a viable protein scaffold in a
single forward pass through a specifically trained RoseTTAFold network.
RoseTTAFold is a software tool that uses deep learning to quickly and
accurately predict protein structures based on limited information. Without the
aid of such software, it can take years of laboratory work to determine the
structure of just one protein. With RoseTTAFold, a protein structure can be
computed in as little as ten minutes on a single gaming computer.
RoseTTAFold is a “three-track” neural network, meaning it simultaneously
considers patterns in protein sequences, how a protein’s amino acids interact
with one another, and a protein’s possible three-dimensional structure.
Researchers

used

these

two

methods

to

design

candidate

immunogens, receptor traps, metalloproteins, enzymes, and protein-binding
proteins and validate the designs using a combination of in silico (computer
programmes) and experimental tests.
Protein design has had success in finding sequences that fold into a
desired conformation, but designing functional proteins remains challenging.
Wang et al. (Science, 2022) described two deep-learning methods to design
proteins that contain prespecified functional sites. In the first method, they
found sequences predicted to fold into stable structures that contain the
functional site. In the second, they retrained a structure prediction network to
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recover the sequence and full structure of a protein given only the functional
site. The authors demonstrate their methods by designing proteins containing
a variety of functional motifs.
The leading scientist of the research paper, Jue Wang (computational
biologist), was already striving to develop an artificial intelligence (AI) system
to churn out candidate medicines. In the scientific paper, a new Artificial
Intelligence (AI) software is revealed that can ―paint‖ or ―hallucinate‖
structures for proteins that don‘t yet exist in nature. The software has already
created original compounds for potential use in industrial reactions, cancer
treatment, and even a vaccine candidate aimed at preventing RSV infections
(Respiratory Syncytial Virus, a common respiratory virus that usually causes mild,
cold-like symptoms). The AI developed by Wang and colleagues has been build

on a string of recent advances in using computers to predict the 3D structure
of natural proteins (AlphaFold) from their basic sequence of amino acids.
AlphaFold and a similar AI software package called RoseTTAFold also
offered thousands of likely structures of various proteins, each bound to a
partner that it pairs with inside cells. Researchers emphasized that there are
differences between how natural proteins can fold and how to design new
proteins from scratch.
In 2017 researchers in the research group of Professor David Baker, a
protein designer at University of Washington (USA), showed they could use
an earlier Artificial Intelligence (AI) for protein structure prediction software
programme they had developed, called simply Rosetta, to design potential
protein-based drugs that bind to and inactivate molecular targets on the
influenza virus and a bacterial toxin. Professor David Baker is the director of
the Institute for Protein Design, a Howard Hughes Medical Institute
Investigator, the Henrietta and Aubrey Davis Endowed Professor in
Biochemistry, and an adjunct professor of genome sciences, bioengineering,
chemical engineering, computer science, and physics at the University of
Washington. His research group is focused on the design of macromolecular
structures and functions. Prof. Baker is a member of the National Academy of
Sciences and the American Academy of Arts and Sciences.
The researchers of the team started by feeding the software an
already known piece of what they wanted—a small bit of protein structure,
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called the binding motif, that is able to bind to their target. They then had
Rosetta scan a database of protein structures they had previously designed
and find an existing scaffold that could possibly hold the active site in the
correct shape. The software then put the two pieces together and tweaked the
combination to make needed refinements. The problem of this research is that
the approach only worked when software Rosetta identified an adequate
scaffold. The research team has adapted their AI-driven RoseTTAfold to
dream up its own proteins from scratch using two different strategies. The
first, called ―inpainting‖, starts like the previous effort, giving the AI a starting
point, such as an active site or another key feature of a desired protein. Much
as a word processor‘s autocomplete function tries to complete a word after
you‘ve typed a few characters, the AI then draws on its understanding of how
proteins fold to fill in additional parts of the protein around the central feature.
The second approach, known as ―constrained hallucination‖, is more wide
open. It gives the software a goal for a protein, such as binding to a metal.
The program then generates a virtual protein composed of a random
sequence of amino acids, and mutates the sequence over and over,
evaluating the impact of each change on the protein‘s likely shape and, thus,
function. The AI keeps pieces it deems effective and mutates the rest, steadily
evolving toward the goal.
These approaches helped in both cases, for the system to give the final
predicted 3D structure of proteins. These proteins can then be made in the
laboratory and tested for the desired functions. In the case of the research
team both strategies worked. Baker and colleagues by using these methods
made novel proteins able to bind to receptors on cancer cells, grab metals in
solution, and bind carbon dioxide (CO2) for possible use in pulling it out of the
atmosphere. Another task of the team was to identify potential RSV vaccines.
The software of team‘s AI ―hallucinated‖ (―dreamed‖) 37 different proteins
aiming to present a key bit of the virus, called F protein site V to the immune
system. Three of the 37 were found to bind to a known RSV neutralizing
antibody, indicating their likely effectiveness. The final results, researchers
mention, are not always perfect. In several cases the activity of the new
proteins, such as those designed to bind metals, did not initially match natural
versions. But by ―dreaming up‖ different proteins, the software comes up with
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structures that have not been seen so far in nature. Researchers can then use
those as starting points for other proven techniques for evolving improved
proteins in the laboratory.7

Artificial Intelligence is a new weapon for research in biology
Artificial Intelligence (AI) has become in the last decade a horizontal
infrastructure, supporting a variety of natural science disciplines and
technological applications. The use of neural networks and AI software in
natural science setting promoted the potential for cross-fertilization between
disciplines. The AI promoted the advancement of mathematical modeling,
contemporary disciplines of Physics, and a variety of Chemistry fields, as well
as Materials science, Engineering, Biology and biomedical engineering.
Also,

artificial

intelligence

methodology

was

developed

for

Pharmaceutical applications. The use of AI in diverse sectors of the
pharmaceutical industry is providing new insights, including drug discovery
and development, drug repurposing, improving productivity, and clinical trials.
AI use reduces the human workload achieving targets in short period of time.8
Artificial Intelligence has played a fundamental role in the promotion
and digital transformation of bioinformatics.9

Environmental science and

engineering, weather and climate forecasting, and new technological
disciplines such as Nanotechnology have been used AI methodologies with
very spectacular results. But the major advances of AI have been directed
towards the biology fields, evolved from the symbolic approach where
complex rules are coded in computer language to enable machines to
execute coordinated sequences of operations.10
Major recent advances in Artificial Intelligence (AI) are due to Deep
Learning (DL), consisting of multiple processing layers in artificial neuronal
networks aimed at pattern recognition and modeling complex relationships
between input and output. In addition, DL has enhanced the potential for
using computer-assisted discovery in prediction of protein structure, molecular
design and macromolecular target identification for drug discovery.11
Scientists working with artificial intelligence programmes have the
vision for reintegrating the great variety of subdisciplines in biology. Many
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specialists recognize the enormous potential of existing AI techniques to
accelerate biological research. Current AI and Machine-Learning methods are
already having an impact in biology, but there is room for improvements on
the existing methods and techniques for data integration. While technological
advances have made great strides in hardware for processing speed,
inadequate input/output performance in the case of large amounts of data
may result in severe limitations on the overall process.12
Scientists predict that Artificial Intelligence (AI) technologies will allow
scientists not only to collect, connect, and analyze data at unprecedented
scales, but also to build comprehensive predictive models that span various
subdisciplines. It is hoped that AI will make possible both targeted (testing
specific hypotheses) and untargeted discoveries. Artificial Intelligence for
biology will be the cross-cutting technology and is expect to revolutionize
biology in the 21st century much like statistics transformed biology in the 20th
century. The difficulties, however, are many, including data collection,
development of new scientific fields in the form of theories that connect the
subdisciplines, and new predictive and interpretable AI models that are more
suited to biology. Development efforts will require strong collaborations
between biological and computational scientists. Artificial Intelligence in
biology has evolved from the symbolic approach where complex rules are
coded in computer language to enable computers to execute coordinated
sequences of operations. Biology is a vast science subject with specialized
subdisciplines which were difficult to reintegrate and a grand reunification has
remained until now elusive. Some scientists hope that advances in AI
methods will provide a new foundation for overcoming the human cognitive
limitations

that

have

splintered

biology

into

numerous

specialized

subdisciplines. Recent advances in AI, with particular emphasis the rapid
improvements in prediction achieved by (multi-layer) neural networks, have
brought a wave of optimism that these technologies will speed up scientific
discovery. Neural networks based models have been found to be particularly
good for discovering representations, invariances, and laws, that are unusual
and interesting patterns that are hidden in high-dimensional data and to be
particularly suited to addressing scientific problems.13
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