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Dynamic portfolio reconfiguration by machine learning techniques
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This study proposes a new investment method to adapt to the characteristics and changes of asset markets. For this purpose, two kinds

of filters, momentum filter and AntiCor filter both of which are observed in the markets, are used. The momentum filter, on the one hand,

is to select assets with high momentum. The AntiCor filter, on the other hand, is to forecast the process of mean-reverting for an asset by

using the mean-reverting characteristics of its similar assets. The application of the former proposed method to S&P 500 Index and that of

the latter to Nasdaq-100 between 2000 and 2012 show that both the methods have the possibility to earn excess profits by setting the

pertinent market environments and selecting the possible asset selections.
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