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Multi-label classification is a supervised classification problem where one or multiple labels are assigned to each
instance. Applications of multi-label classification range from recommender systems and classification to drug
activation prediction. In this paper, we propose a novel multi-label classification model based on the idea of the
interdependence model along with three prediction methods. Our experimental results show the proposed method
makes effective predictions especially when some of the labels for each instance are available.
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Yeast | .504(£.018) .530(%.015) .505(%+.017) .493(£.015) | .382(+.008)  .495(+.019)  .500(+.022)

Scene 692(%.014)  .746(£.021) .712(%.012) .716(£.016) | .697(£.020)  .708(+£.022)  .742(%.018)

F-measure Emotions | .641(£.044) .639(£.051) .646(+.041) .629(+.042) | .642(+.036)  .618(%.044)  .640(+£.042)
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Scene .656(+.036)  .795(£.022) .679(£.027) .751(+.022) | .686(+£.029)  .737(+.016)  .769(%.022)
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Yeast 435(%.023)  .508(£.023) .393(%.024) .475(%.027) | .356(£.021)  .477(+.021)  .453(%.015)
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