Performance of ensembles of Naive Bayes classifiers on the task of predicting
glycosylation sites

For each glycosylation type considered in this study, N-, O-, and C-linked glycosylation, we trained
ensembles of Naive Bayes and single Naive Bayes classifiers [1] on the original distribution of the data to
identify putative glycosylation sites in a glycoprotein sequence. We compared the ROC curves for single
Naive Bayes and ensemble of Naive Bayes using local sequence information (the amino acid identity) for
N-, O-, and C-linked glycosylation prediction tasks. We found that the performance of single Naive Bayes

is similar to that of the ensemble of Naive Bayes classifiers (Figures 1, 2, and 3 respectively).

Performance of Naive Bayes classifiers is similar to that of single Support Vector
Machine classifiers

For N-, O-, and C-linked glycosylation, we trained Naive Bayes classifiers [1] to identify putative
glycosylation sites in a glycoprotein sequence. Compared to Support Vector Machines, Naive Bayes
classifiers are easier to understand and faster to train. Hence, when a better understanding of the output

of the classifiers is desirable or faster training is required, Naive Bayes classifiers represent a better choice.

We compared the ROC curves for Naive Bayes and SVM using local sequence information (the amino acid
identity), for N-; O-, and C-linked glycosylation prediction tasks (Figures 4, 5, and 6 respectively). Both
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Naive Bayes and SVM were trained on the “natural” distribution of the data extracted from the original
glycoprotein sequence dataset. The figures illustrate that the performance of Naive Bayes is similar to that

of SVM for all three tasks.

For N-, O-, and C-linked glycosylation, we trained ensembles of Naive Bayes classifiers. We found that the
performance of single Naive Bayes is similar to that of the ensemble of Naive Bayes classifiers (Figures 4, 5,

and 6 respectively).

Performance of Naive Bayes classifiers on the task of predicting glycosylation sites
using physicochemical properties of amino acids

Previous studies have shown that the use of physicochemical properties of amino acids in addition to amino
acid identity can often improve the performance of classifiers [2]. Hence, we explored whether the use of
physicochemical features, namely, the size of the molecule (“large”, “small”; or “tiny”), hydrophobicity

(“yes”, “no”, or “partial”), polarity (“yes” or “no”), charge (“positive”, “negative”, or “none”),
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Figure 1: ROC curves for single and ensemble of Naive Bayes classifiers for N-linked glycosylation trained
using local sequence identity.

aliphaticity (“aliphatic” or “not aliphatic”), and aromaticity (“aromatic” or “not aromatic”) [3] would
improve the performance of the classifiers on the glycosylation site prediction task. Comparison of Naive
Bayes classifiers using the identity of amino acids that are sequence neighbors of the target residue alone
with Naive Bayes classifiers using the physicochemical properties of amino acid residues in addition to local

sequence identity yields moderate improvement in the performance of the resulting classifiers.

We used Naive Bayes implementation available in Weka [4].
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Figure 2: ROC curves for single and ensemble of Naive Bayes classifiers for O-linked glycosylation trained
using local sequence identity.
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Figure 3: ROC curves for single and ensemble of Naive Bayes classifiers for C-linked glycosylation trained
using local sequence identity.
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Figure 4: ROC curves for Naive Bayes and Support Vector Machine classifiers for N-linked glycosylation
trained using local sequence identity.
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Figure 5: ROC curves for Naive Bayes and Support Vector Machine classifiers for O-linked glycosylation
trained using local sequence identity.
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Figure 6: ROC curves for Naive Bayes and Support Vector Machine classifiers for C-linked glycosylation
trained using local sequence identity.



