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Random Forest (RF) [1] has been evaluated against Support Vector Machine [2, 3] as base classifier
for Label Powerset (LP) transformation to apply multi-label learning to predict subcellular localisation
of Gram-negative bacterial and Gram-positive bacterial proteins. The R package randomForest1 has been
used with different nbtree parameter settings and the software LIBSVM2 [4] has been employed with a
radial basis function (RBF) as the kernel function. The regularization parameter C and the kernel width
parameter γ were optimized using grid search approach on the training set by 5-fold cross validation.
The results reported in both Fig.1 and Fig.2 show that SVM outperformed RF only in the case when it
learned from PseACC protein features, while RF was the best model when using PSSM profiles and GO
terms as feature vectors.
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Fig. 1: Random Forest (RF) versus Support Vector Machine (SVM) as base classifier for Gram-negative bacterial proteins subcellular
localization prediction.
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Fig. 2: Random Forest (RF) versus Support Vector Machine (SVM) as base classifier for Gram-positive bacterial proteins subcellular
localization prediction.
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