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Developing an ensemble trading system using the volatility labeling
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Decision tree 266 | 0.48 | 3104.65 | 2878.16 | 1.06 0.99
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Naive Bayes 96 | 0.63 | 3338.36 | 4875.03 | 0.89 1.42
MLP 165 | 0.53 | 2962.44 | 2996.49 | 0.98 113
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