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Abstract  

In this review, I will explore how recent protein structure prediction methods that make use of deep 

learning will impact the field of structural biology. I will particularly search for purposes where these 

methods can be applied and what are their current pitfalls. After an intensive literature study, it became 

clear that accurate prediction algorithms are useful to solve experimental structures faster and help 

dividing proteins in functional domains. Structural predictions improve interpreting the molecular 

processes of (unknown) proteins and therefore provide insights into diseases and how to design potential 

treatments. That way, researchers can rapidly work out the structure of every protein in new and 

dangerous pathogens, speeding up the process of screening for drug targets. In addition to that, the open-

source nature of these prediction methods enables scientists to continue the advances to create even 

more powerful software. Besides great advances, limitations of these deep learning structure prediction 

methods include that the predicted models only provide one conformational state of the protein and that 

no ligands are included in the model which is crucial data for inferring exact biological function and 

designing new drugs. Additionally, no folding information is present for the predicted structure. We should 

not state that these algorithms solved the folding problem, as they solved the prediction problem. 

Although scientists should remain critical of computational predictions, these technologies are still ground-

breaking and will lead to more advances in the field of structural biology.  
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THE RISE OF AI IN STRUCTURAL BIOLOGY 

1  |  LAYMAN’S SUMMARY 

2021 was a great year for structural biology. Because in 

this year we saw the advances of recent protein 

structure prediction methods that make use of artificial 

intelligence (AI). It even became Nature Methods’ 

Method of the Year. Researchers are so invested in 

predicting the three-dimensional (3D) structures of 

protein because the 3D structure is crucial for 

understanding their biological function, measuring the 

impact of human pathogenic mutations, and improving 

the design of new drugs. Thanks to The Critical 

Assessment of Techniques for Protein Structure 

Prediction (CASP), a structure prediction contest, 

computational predictions have been steadily 

improving over the past decades. A significant 

improvement in model accuracy was observed since 

recent contesters such AlphaFold, AlphaFold2, and 

RoseTTaFold started to make use of advanced deep 

learning. In 2020, for the first time in history, 

accuracies of predicted models nearly agreed with the 

experimentally solved structures, something that 

scientists were not sure to experience in their lifetime. 

In this review, I researched how these recent structure 

prediction methods will transform the field of 

structural biology. After an intensive literature study, it 

became clear that accurate prediction algorithms are 

useful to solve experimental structures faster because 

solving structures with conventional methods is time-

consuming and expensive. The models may also 

improve dividing the protein into functional domains. 

Structural predictions help interpret the molecular 

processes of (unknown) proteins and therefore provide 

insights into how diseases arise and how to design 

potential treatments. That way researchers can rapidly 

work out the structure of every protein in new and 

dangerous pathogens, speeding up the process of 

testing for drug targets. In addition to that, the open-

source nature of these prediction methods enables 

scientists to continue the advances to create even 

more powerful software. Besides great advances, 

limitations of these deep learning structure prediction 

methods include that the predicted models only 

provide one conformational state of the protein, even 

though a protein can have multiple conformations such 

as active or inactive. There are also no ligands (small 

molecules, cofactors, DNA, or metals) included in the 

model. This lacking interaction data is crucial for 

observing protein function in complexes and designing 

new drugs. Furthermore, for the predicted structure, 

no information is present of how the protein has folded 

leading to its end-state model. We should not state 

that these deep learning algorithms solved the folding 

problem. How exactly proteins fold is still unclear. They 

did however solve the prediction problem. Although 

scientists should remain critical of computational 

predictions, these technologies are still ground-

breaking and will lead to more advances in the field of 

structural biology. We will have to see what these 

structure prediction methods are capable of in the 

coming years. 

2  |  INTRODUCTION 

When the first atomic-resolution protein structures 

became available in 1960, an immediate question 

emerged that today’s scientists are still trying to 

answer. How does the primary sequence (1D) of a 

protein determine how a protein folds into its three-

dimensional (3D) structure (Figure 1A)? This problem is 

also known as the protein folding problem.1 Research 

shows that understanding the 3D structure of proteins 

is crucial to comprehend their biological function, 

measure the impact of human pathogenic mutations, 

and improve the design of new drugs. One of the 

reasons why this question is so complex is that a 

protein can have countless possible protein 

conformations. With experimental work alone, this 

could never be solved. For that reason, researchers 

started using computational prediction methods to 

predict a protein’s 3D structure from its amino acid 

sequence.2 

    To promote solving protein structures 

computationally, a community-wide contest named 

The Critical Assessment of Techniques for Protein 

Structure Prediction (CASP) was introduced, taking 

place biannually since 1994. In this competition, 

around 100 research groups worldwide try to predict 

the unknown 3D structures of proteins using their own 

structure prediction method. The structures of these 



 
____________________________________________________________________________________________ 
 

3 
 

THE RISE OF AI IN STRUCTURAL BIOLOGY 

proteins will be experimentally solved using current 

methods such as X-ray crystallography, cryogenic 

electron microscopy (cryo-EM), and nuclear magnetic 

resonance spectroscopy (NMR), but not made public 

yet. CASP predictions are evaluated by a GDT_TS score 

(Global Distance Test - Total Score) which measures the 

accuracy of a structural prediction compared to the 

experimentally solved structure with a value between 

0 to 100, from inaccurate to perfect respectively. The 

team that submits the predictions with the highest 

accuracies wins the contest. Thanks to CASP, 

computational predictions have been steadily 

improving over the past decades. Especially during 

CASP13 (2018), there was a turning point. The first 

implementation of high-performance deep-learning 

systems by multiple participants under which 

AlphaFold3, submitted by the London-based and 

Google-owned AI research group. Two years later 

during CASP14 (2020), DeepMind presented its new 

and improved AlphaFold2 with remarkable accuracy 

close to experimentally solved structures. At the same 

time, an academic team led by David Baker developed 

RoseTTaFold4 which performs similarly to AlphaFold2. 

Recent technologies that make use of advanced deep 

learning are astonishing at predicting the 3D structures 

of a single protein using only the primary sequence 

which seemed to be a deemed problem a few years 

ago. It is expected that the accuracies of these 

advanced prediction methods will keep increasing. 

    However, today’s structure prediction methods did 

not just fall out of the sky. Methods like AlphaFold, 

AlphaFold2, and RoseTTaFold were built on the 

foundation set by various researchers over the last 

decade. Recent prediction methods are co-evolution-

dependent which means that they first create a 

multiple sequence alignment (MSA) from aligning the 

protein sequence of interest to homologs. Then, 

evolutionary connections are extracted from the MSA 

by looking at amino acids that co-evolved over time. 

Co-evolving amino acids are residues that mutated 

during evolution due to other mutations in the 

sequence, indicating that these residues are potentially 

physically close. Protein structure prediction methods 

use this co-evolution information to create a contact 

matrix (Figure 1B). From the contact data, the 3D 

coordinates of the protein can be obtained and then be 

fold according to physical laws.5 In CASP11 (2014) these 

coevolution-based methods were surpassing other 

approaches, and in CASP12 (2016) these methods were 

brought to a higher level when coupled to machine 

learning. Besides that, CASP12 saw an increased 

performance as well due to the growing number of 

 

                  

FIGURE 1:  Protein structure prediction. (A) Proteins have four structural levels. The primary structure of a protein consists of its amino 

acid sequence, the secondary structure consists of repeated arrangements in a protein’s amino acid sequence such as α-helices and β-

sheets. The tertiary structure represents a 3D shape of a single protein. In protein structure prediction researchers try to build the 

tertiary structure of a protein from its primary structure. The quaternary structure represents a complex of two or more proteins.           

(B) An example of a contact matrix, also named distance map. The colors of the pixels correspond to the distance in Ångström (Å) 

between residues in a protein sequence. In this case, the bluer the pixel, the closer the pair, and the redder the pixel, the bigger the 

distance. The contact matrix is used to predict the tertiary structure of the protein. (Rafferty et al, 2020)a 
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available sequences and therefore more evolutionary 

information could be obtained.6 Then, in CASP13, 

incredible performance was observed in one particular 

category of CASP namely “template free” modeling, 

which was extremely difficult for years. As mentioned, 

this performance was motivated by the 

implementation of advanced deep learning 

techniques. The algorithms are able to predict 

distances between amino acids when no structural 

template is available for the target sequence.7 In 

CASP14, predicted model accuracy kept increasing for 

the first time above a GDT_TS >90, an accuracy that is 

considered very close to the experimentally solved 

structure. Some scientists even say that in a sense the 

protein folding problem is solved.8 

    AlphaFold and RoseTTaFold make use of advanced 

deep learning methods. Deep learning models are a 

type of artificial neural networks (Figure 2). A neural 

network is a machine learning method that can be 

extremely useful for classification, clustering, pattern 

recognition, and making predictions. A neural network 

consists of connected nodes (artificial neurons) which 

can transmit a signal to other nodes. The part that 

connects nodes is termed an edge. A weight can be 

placed on these edges while the neural network is 

trained. The neurons are divided into multiple layers, 

starting with the input layer, and ending with the 

output layer, which can have a diverse function on the 

transmitting data. Deep learning models are neural 

networks with multiple complex layers and are useful 

for handling big data. Neural networks can work out 

non-linear challenges, which make them applicable to 

all sorts of problems, therefore also to protein 

structure prediction.9  

    We have seen that the accuracy of these deep 

learning structure prediction methods can touch the 

accuracy of experimentally solved structures (GDT_TS 

>90). Some believe that the protein folding problem is 

finally solved and therefore the field of structural 

biology will change drastically. In this report, I will 

review how these recent structure prediction methods 

will transform the field of structural biology and the 

future of its research. I will particularly search for 

purposes where these methods can be applied and 

what are their current pitfalls. 

 

3  |  RECENT DEEP LEARNING 
STRUCTURE PREDICTION METHODS  

3.1  |  Single-chain prediction algorithms 

AlphaFold 

In 2018, CASP13 saw the first-time implementation of 

high-performance deep-learning systems by multiple 

contesters, under which DeepMind’s entry AlphaFold. 

DeepMind is a London-based and Google-owned 

company specialized in AI. Their AlphaFold framework 

consists of a neural network that can be trained to 

predict the distance between amino acids, which 

 

 

FIGURE 2:  The architecture of a neural network. Inside the neural network, data flows from the input layer through the hidden layers 

to the output layer. All layers can have different functions on the transmitting data. The edges that connect the nodes, can contain a 

weight. (Bre et al, 2018)b 
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contains more structural information than contact 

interactions.10 AlphaFold neural networks stand out 

due to their hundreds of layers (deep learning), they 

can model long-range interactions over the complete 

amino acid sequence of a protein, and they perform 

under reduced memory and processing requirements 

so that they can be faster trained. The neural network 

methods that AlphaFold uses are not novel; however, 

it is the first time they are used like this for biological 

purposes in protein structure prediction. One other 

main idea that DeepMind came up with it is that 

AlphaFold’s neural network could be simply optimized 

using a  minimization algorithm called a gradient 

descent.5 A few predicted models by AlphaFold 

showed high accuracy (GDT_TS >80). The average 

GDT_TS score of AlphaFold’s models was 64.4 and the 

algorithm placed first in CASP13.11 

AlphaFold2 

The first AlphaFold algorithm presented in CASP13 was 

able to predict nearly correct structures for some 

proteins by presenting 15 models with a GDT_TS score 

of >80. However, no entry, including AlphaFold was 

able to predict the exact atomic locations within the 

protein. With these challenges in mind, at CASP14, 

DeepMind presented their new and improved 

algorithm AlphaFold2 which differs completely from its 

predecessor. The new neural network processes the 

MSA and pairwise representations (such as templates) 

simultaneously using a particular block of the network 

named the Evoformer. The main function of the 

Evoformer is to handle a protein structure prediction 

as a graph interference problem. This makes sure that 

long-range residue interactions in the sequence are 

managed. A new neural network module was designed 

to build the protein structure instantly including the 

atomic information. Then, the complete system is 

executed several times to refine the predictions. At 

last, to relax the predicted structures, a gradient 

descent is used.3,12 AlphaFold2 performed incredibly at 

CASP14 and placed first. The average GDT_TS score of 

AlphaFold2’s models was 88. Some of the models even 

scored a GDT_TS of >90, a number that is competitive 

with the accuracy of an experimental structure, and 

was never observed in CASP before.13 A problem that 

existed for many years seems solved. 

RoseTTaFold 

Around the time of CASP14, an academic team from 

the University of Washington led by David Baker 

developed an AI algorithm as well named RoseTTaFold, 

which performs similarly to AlphaFold2. RoseTTaFold 

also makes use of deep learning and can predict a 

protein’s structure in under ten minutes while using 

limited information. This gives them a slight advantage 

(depending on the research goals) as AlphaFold2 has a 

longer prediction time. RoseTTaFold’s system consists 

of a three-track neural network. It simultaneously 

considers information about sequence (patterns), 

distance (how residues interact), and coordinates 

(possible 3D structure). Using RoseTTaFold researchers 

can quickly study functions of proteins where no 

structure was available before.4 The average GDT_TS 

score of RoseTTaFold’s models was 66.9 and placed 

second in CASP14.13 

3.2  |  Protein Complex Prediction Algorithms 

The majority of proteins do not work alone. Biological 

processes happen mostly due to the interaction 

between two or more proteins that form a complex. 

The binding partners might be crucial for forming the 

quaternary structure (4D) of the proteins. Besides the 

remarkable accuracy of Alphafold2 for predicting the 

structure of single chains, handling complexes 

consisting of multiple chains is still very difficult. The 

algorithm was initially not designed to predict protein 

complexes. However, very recent studies showed that 

a special-designed AlphaFold2 model, named 

AlphaFold-Multimer, is in fact able to predict the 

structures of complexes as well.14,15 While this is an 

excellent side effect of the AlphaFold2 algorithm, other 

methodologies were already focused on predicting 

complexes, such RoseTTaFold. The co-evolutionary 

information that is used to predict residue distances 

within one sequence can also be used to predict 

protein-protein interactions. RoseTTaFold can besides 

single-chain proteins also be used for predicting 

complexes of proteins. This is very valuable because 
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protein function does not only rely on structure but 

also protein-protein interactions.16 
 

4  |  APPLICATIONS  

4.1  |  The AlphaFold Protein Structure 

Database 

To make all the predicted structures by AlphaFold 

widely and freely accessible, DeepMind collaborated 

with the European Molecular Biology Laboratory’s 

European Bioinformatics Institute (EMBL-EBI). This 

collaboration established the AlphaFold Protein 

Structure Database (AlphaFoldDB). After AlphaFold’s 

first release of structures, 360.000 proteins of nearly 

the complete human proteome and the ones of other 

model organisms were published in the database. After 

the second release of AlphaFold, many manually build 

proteins from UniProt were published. The current 

AlphaFoldDB consists of over 800.000 protein 

structures, and the goal is to increase that number to 

over 100 million this year. To emphasize how large this 

amount is, the Protein Data Bank (PDB) currently 

consists of 186.000 protein structures. This large 

number of high-accuracy models will have a range of 

biological impacts, from speeding up experimental 

work to providing more data to study diseases and 

eventually developing structure-based therapies 17,18 

 

4.2  |  Helping Structure Determination by 

Experimental Methods 

The current methods for determining atomic 

structures include X-ray crystallography, nuclear 

magnetic resonance spectroscopy (NMR), and 

cryogenic electron microscopy (cryo-EM). Even though 

these methods contributed to solving many proteins, 

they consist of time-consuming meticulous laboratory 

work and require expensive equipment. How will 

recent structure prediction methods change the way 

scientists will use these current methods? Firstly, using 

deep learning tools, experimental structures can be 

solved faster and simpler. Not by replacing the current 

methods but as an addition e.g., when building a 

protein’s structure with X-ray crystallography, all 

information about the diffracted X-ray waves is 

needed, which is the amplitude and the phase. While 

the amplitude can be easily measured, the phase 

cannot. This is called the phase problem. There are 

methods to overcome this problem e.g., by applying 

molecular replacement. This method requires a 

template for a protein that has over ~25% sequence 

identity and a backbone RMSD (Cα atoms) of less than 

~2.0Å between the template model and the crystal 

structure that you are building. Using molecular 

fragment programs, the template model can be lined 

up with the crystal structure which provides the phase 

information that was missing before. Because of the 

expanding number of structures in the AlphaFoldDB, 

there are now many more available high-accuracy 

models to perform molecular replacement with. Even 

for low-quality or low-resolution data, structures can 

be solved, which would otherwise be very difficult (and 

therefore time-consuming) or even impossible.19 

 

4.3  |  Constructing Protein Domains 

The residues in the predicted models are labeled with 

a certain confidence. High confidence resulted in 

models of higher accuracies. It was believed that low 

confidence meant the failure of the prediction tool. 

However, low confidence of a region can also mean 

that there is disorder in the protein.12 These disordered 

protein domains are able to shift from a disordered to 

an ordered state by binding to other ligands and 

proteins and can be essential for intracellular 

signaling.20 

    An advantage of using the predicted models is that it 

would be easier to divide the protein into its domains, 

an issue that experimental scientists faced. 

Understanding the topology of the protein and its 

domains can lead to a better way to set up structure 

determination experiments. For some current 

methods such as cryo-EM, this may help overcome 

tiresome model-building steps.21
 

 

4.4  |  Function and Disease 

It is known that structural information of a protein is 

crucial for research, however, a 3D structure on its own 
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does not automatically deliver its complete biological 

function. Structure prediction algorithms are not able 

to predict protein function yet. But, the 3D structure 

does assist to infer the biological function of unknown 

proteins.22 Inferred functions from sequences and 

structures are determined by evolutionary 

relationships. With the increase of new accurately 

predicted structures researchers can look further back 

in time to find the farthest relative possible and might 

infer the function from those relatives. 3D structures 

can also help interpret the molecular processes of a 

protein and therefore not only provide insights into 

how mutation of a protein might result in disease but 

also how to design a potential treatment. For example, 

if researchers can accurately predict the spike proteins 

of viruses, much quicker structural analysis can be 

performed on rising viruses in potential future 

pandemics so that vaccines can be developed quicker.  

    Structural models can also be useful to help identify 

pathogenic variants in the human genome by 

computational mutagenesis. By entering a sequence 

with a mutation in the structure prediction software, it 

can be observed which mutations are more likely to 

result in a normal structure and which result in a 

mutated protein that can lead to disease. Additionally, 

with computational mutagenesis insights can be 

gained into the minimal residues that are needed for 

folding which can give researchers a better 

understanding of the relationship between the 

sequence and structure of a protein.23,24   

 

4.5  | Drug discovery 

Many researchers predicted recent AI applications 

would benefit drug design. Because of the expanding 

databases, there is an enormous increase in human 

proteins as well as protein structures from various 

pathogens. This way, more potential drug targets can 

be analyzed, and the chance of cross-reactivity can be 

better assessed. Researchers can rapidly work out the 

structure of every protein in new and dangerous 

pathogens, speeding up the process of screening for 

drug targets. Target identification is the first stage in 

drug design which could take multiple years.17 
 

 

4.6  |  Open source and open science 

One of the great benefits of these recent tools like 

RoseTTaFold and AlphaFold2 as well as the database 

AlphaFoldDB, is that they are open source. Open 

source means that the software, models, or data are 

entirely transparent, of high quality, and free to use (no 

license).25 This way, anyone can continue the prior 

work to build even better tools. Without open-source 

data, such as from the Protein Data Bank (PDB), recent 

AI tools would never been able to train their algorithm 

this good.26  

    A group of scientists developed an open-source tool 

for fast and easy protein structure- and complex 

prediction named ColabFold. This tool unites fast 

homology search with either the AlphaFold2 or 

RoseTTaFold algorithm. In collaboration with Google 

Colab, ColabFold is easy-to-use in the form of Jupyter 

Notebooks.27 The open-source software of ColabFold is 

accessible at github.com/sokrypton/ColabFold. 

    Another important concept in science is “open 

science” which means that together as a community 

scientists develop concepts, methods, and 

applications. Additionally, there is invested in 

education for all, and everyone should be able to 

reproduce results. According to the EMBL, open 

science is crucial for reliable, transparent, and more 

inclusive research.25 Even though the open-source 

nature of recent AI tools provides many benefits, it 

should be noted that they are not always open science. 

This is because DeepMind released the AlphaFold2 

software in such a way that anyone could use it, but 

not all neural network-specific parameters were 

released for commercial use. David T. Jones and Janet 

M. Thornton published in a review that “it’s somewhat 

debatable whether the weights of a neural network 

can be protected as intellectual property, and it’s also 

worth noting that DeepMind is not alone in using this 

possible loophole to prevent commercial usage of 

supposedly open-source machine-learning software. 

The RoseTTaFold software from David Baker’s 

laboratory at the University of Washington has similar 

restrictions on the use of its neural network weights. 

As we say, open-source certainly, but not truly open 

science.”28 
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5  |  LIMITATIONS  

Besides great advances, deep learning structure 

predictions methods also have their limitations. An 

important one is that these methods only predict one 

protein state even though a protein can exist in 

multiple conformational states. The disadvantage of 

only one static protein structure is that it remains 

unclear what the function of other conformational 

states is, if the predicted state is in its active or inactive 

form, and what are all the protein’s possible 

interaction partners.22,29 Modelling flexible proteins 

can therefore be a problem. Also, large proteins 

consisting of many domains are not modeled very 

accurately.23 The AlphaFoldDB does also not contain 

models for protein sequences that are longer than 

2700 residues. This means that there are still no 

structures for 207 large and important human 

proteins.20 

    Another limitation is that the predicted models do 

not include ligands such as small molecules, cofactors, 

DNA, or metals. Additionally, protein-protein 

prediction is still very novel. Without any interaction 

data, it can be very hard to directly infer the biological 

function of a protein.23 Additionally, one could wonder 

how accurate it would be to predict the structure of a 

single protein that is out of its complex or how accurate 

a predicted binding site is if there is no ligand 

information.30  

    It should be noted that even though recent 

algorithms can predict structures agreeing with the 

experimentally solved structures, they did not solve 

the problem of how a protein would fold in solution or 

inside a cell. Instead, it delivers a possible end-state 

that the algorithm has learned from the outcomes of 

folding at the amino acid residue contact level and can 

thus correctly predict proteins that would never exist 

without being in their complex.2 Also, the folding 

process of this possible end-state of a protein remains 

unclear. There has been performed a study by Outeiral 

et al. where they examined if recent structure 

prediction tools (including AlphaFold2 and 

RoseTTaFold) provide an understanding of how 

proteins fold. Their results showed that their ability to 

predict the folding process is in most cases worse than 

a sequence-agnostic linear classifier which implies that 

recent structure prediction methods do not yet provide 

insights into the concepts that determine protein 

folding.31 

 

6  |  DISCUSSION & CONCLUSION 

Although the great advances in structure prediction 

methods, experimental scientists do not have to worry 

about losing their jobs, instead it will help their work by 

overcoming tiresome model-building steps with the 

use of phasing and clearer domain separation.  

    Even though the accuracies of computational 

predictions do sometimes come near the accuracy of 

experimentally solved structures, experimental work is 

still crucial for understanding exact protein function 

and interaction with ligands and other proteins. Since 

the predicted models do not include ligands there is no 

interaction data which can make it difficult to use these 

predictions to infer function and improve the drug-

designing process. However, there have been 

successful studies showing that AlphaFold2 is able to 

perfectly predict a single hemoglobin chain even 

though it was lacking crucial binding partners for 

folding,2 and that it is also able to perfectly predict a 

zinc binding site in a peptidase domain without 

including the zinc ion in the structural prediction.30 

High-accuracy models will speed up the first stage of 

drug discovery and lead to more focused experimental 

work.  

    Methods as AlphaFold2 and RoseTTaFold did not 

solve the problem of how a protein would fold in 

solution or inside a cell. Instead, it delivers a possible 

end-state that the algorithm has learned and can thus 

correctly predict proteins that would never exist 

without being in a complex. Moreover, these 

prediction tools are not able to provide insights into 

the folding process.  For that reason, we shouldn’t 

state that these algorithms solved the folding problem 

because how exactly a protein folds remains an 

unanswered question in biology. Nevertheless, what 

these prediction tools did solve, especially AlphaFold2, 

is the prediction problem. Researchers are now able to 
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predict a protein’s 3D structure from its amino acid 

sequence. 

    Even though the protein folding problem is not 

solved, it may help for future research on how to do it. 

Recent years saw incredible progress, but the exact link 

between protein sequence, folded structure, and its 

function is not completely understood yet. One of the 

main areas of interest for now is predicting the 

structure of multiple interacting proteins as a complex. 

This is important for inferring biological function and 

therefore drug development.26 

    To answer the research question of this review how 

recent structure prediction methods will transform the 

field of structural biology and the future of its research, 

I can state that for experimental scientists, deep 

learning structure prediction methods are able to 

speed up a lot of their work, but it will not be 

completely replaced by computational methods. For 

studying diseases and finding new drugs, some stages 

can be accelerated and there is an immense increase of 

structural data which will kick-start even more 

research. However, structural predictions alone are not 

enough to change the way we design drugs. Advanced 

deep learning algorithms are amazing at predicting 

protein’s 3D structures from their amino acid 

sequence, but a lot more must be done before we can 

see the greater applications of these advances. We are 

now at the point when we will have to wait for these 

methods to disentangle their full potential, e.g. protein 

complex prediction, and see what these structure 

prediction methods will be capable of in the coming 

years.  
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