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Eukaryotic proteins may undergo reversible post-translational modifications caused by redox reactions of amino
acids (AAs). The most relevant redox modification may be the oxidation of cysteine to cystine causing a disulfide
bridge to occur and influence the structure and function of a protein [1, 2]. High levels of reactive oxygen species (ROS),
such as hydrogen peroxide H,O, and superoxide O%, promote these redox reactions and consequently are able to promote
the redox modification of cysteines [3]. Cysteines can be separated into those which are able to perform these modifications
(Cys+) and those which are not (Cys-) [4]. Salsbury et al. (2007) proposed that certain structural properties such as
neighboring AAs can be used as predictors for cysteine sensitivity, since these properties show different characteristics for
Cys+ compared to Cys-. We propose a method with the ability to predict and evaluate the modifiability of redox-sensitive
cysteines using supervised machine learning hidden Markov models (HMM).
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The confusion matrix a) shows the amount of Cys+ and Cys- predicted by the HMM tool. b)
Cysteines with known modifiability and their ordered neighboring AAs (low to high distance in A). The C shows the predictions in percent for a total of 2023 cysteines. The accuracy of this model is 0.57.
Matrix shows the likelihood of a certain cysteine being either Cys+ or Cys- depending on the position. This means, 57% of the predictions are right. The matrix shows which predictions were made.
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