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Protein structure determines biological function. The process 

whereby a protein attains its equilibrium structure is known as 

protein folding.

Recent advances in deep learning have solved the problem of 

protein structure prediction, by exploiting the evolutionary 

information contained in sequence databases.

We investigate whether the internal dynamics of structure 

prediction programs contain information about the folding 

pathway.

We collected 170 proteins with available experimental 

information on folding kinetics. We divided them into two-

state folders and multistate folders.

We used six state-of-the-art structure prediction programs: 

EVfold1, trRosetta2, RaptorX3, DMPfold4, SAINT25 and Rosetta6, 

to generate simulated folding trajectories.

30 multistate folders with folding intermediates characterised 

by hydrogen-deuterium exchange (HDX)

None of the methods studied proved to be superior to a simple 

logistic regression using only the length of the chain at 

classifying proteins as two- or multistate folders.

None of the methods can produce reliable estimates of the 

intermediate's structure. None are significantly better than an 

unbiased coin.

The folding trajectories are erratic and noisy. The average 

pairwise Jaccard similarity between assignments is only of the 

order of 0.05.

Only one of the methods is significantly correlated with the 

folding rate constant. The Spearman coefficient is slightly 

smaller than the correlation with the length of the chain.
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The fraction of native contacts between secondary structure 

elements to automatically characterise folding trajectories.
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