Testing applicability of machine learning for protein folding rate prediction
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Understanding and predicting the self-organization of protein structure is one of the most
important problems of the last 50 years in biophysics [1]. Massive experimental and
theoretical efforts have led to a better understanding of protein folding [2], better prediction
of protein structure [3–5] and successful de novo protein design [6]. In spite of this progress,
apparently simple computational problems related to protein structure still remain
challenging. Among them, predicting the rate of protein folding, i.e. the speed at which a
protein renatures in the proper chemical environment, has shown only limited success. Yet,
the ability to predict protein folding rates is instrumental for our understanding of the general
principles of the protein folding process.
Due to the increasing amount of experimental data [7], numerous protein folding models and
predictors of protein folding rates have been developed in the last decades. The problem has
also attracted the attention of scientists from computational fields, which led to the
publication of a flurry of machine learning-based models to predict the rate of protein
folding. Several of these studies claim to predict the folding rate with an accuracy greater
than 90% [8,9]. However, there are reasons to believe that such claims are exaggerated due to
large fluctuations and overfitting of the estimates. When we confronted three example
published models [8-10] with new data, we found a much lower predictive power than
reported in the original publications. Based on this, we highlight common methodological
mistakes in the studies claiming extravagant prediction power.

Additionally, we explored the particular class of linear models based on amino acid
composition. The analysis of learning curve demonstrates clearly that there is presently not
enough experimental data to properly train the complete model.
In summary, the lack of experimental data on the rate of protein folding is such that model
fitting suffers large fluctuations, even for models with a single parameter. For more complex
models, the situation is more severe because they can be overfitted easier. As a
recommendation for future studies, we suggest to use learning curves to demonstrate the
validity of the models instead of correlations and p-values.
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