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Abstract

Programmatic trading has recently gained popularity among financial institutions due to the advancements of informa-

tion and electronic technology in the financial market. It makes a significant impact on futures markets and draws the attention of

regulators and investors. This paper develops recognition models based on the idea of model fusion for programmatic trading in-

vestors,combing the rule-based models and machine learning models,and proves the validity of the model on investor data in Chi-

na’s A-share market. The proposed model achieves over 90 % accuracy and recall on recognizing programmatic trading accounts,

which is better than the state of the art. Our experiments show that the proposed model is able to support the technical regulation

on programmatic trading.
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Fig. 3 Schematic diagram of recognition model for programmatic trading based on idea of model fusion
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