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ABSTRACT

This paper presents an extensive experimental comparison of a variety of multi-label learning methods for the
accurate prediction of subcellular localization of proteins which simultaneously exist at multiple subcellular locations.
We compared several methods from three categories of multi-label classification algorithms: algorithm adaptation,
problem transformation, and meta learning. Experimental results are analyzed using 12 multi-label evaluation measures to
assess the behavior of the methods from a variety of view-points. We also use a new summarization measure to find the
best performing method. Experimental results show that the best performing methods are power-set method pruning a
infrequently occurring subsets of labels and classifier chains modeling relevant labels with an additional feature.
futhermore, ensembles of many classifiers of these methods enhance the performance further. The recommendation
from this study is that the correlation of subcellular locations is an effective clue for classification, this is because the
subcellular locations of proteins performing certain biological function are not independent but correlated.
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Table. 1 Comparison of algorithm adaptation methods
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Table. 6 Performance of multi-label classifiers using
various evaluation measures

R R ECC(SMO) EPS(SMO)
hamming_loss 0.0318 0.0310
accuracy 0.7990 0.7992
precision 0.8297 0.8529
recall 0.8494 0.8273
F 0.8394 0.8399
subset_accuracy 0.6929 0.7205
macro_precision 0.8112 0.8266
macro_recall 0.7164 0.6831
macro_F| 0.7496 0.7331
micro_precision 0.8108 0.8374
micro_recall 0.8149 0.7862
micro_F} 0.8128 0.8110
S-measure 9.6854 9.6861
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