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Spam classifier using causal intuition of human

HAK Bzt

Takahiro Shimizu

U R B

Graduate School of Tokyo Denki University

KA R

Kuratomo Oyo

= e —*2
mif E
Tatsuji Takahashi

U R T

School of Science and Technology, Tokyo Denki University

A model that implements cognitive biases such as symmetry and mutual exclusivity has been proposed. The model, LS
(loosely symmetric) formula, faithfully describes the causal intuition of humans. We have shown that LS, operated as a value
function in the framework of reinforcement learning, shows versatile efficiency. In this study, we utilize LS in spam mail
filtering. The efficacy of intuitive judgment of causal relationship of human that has been forged through the course of

evolution is tested.
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2. Loosely symmetric model
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easyham 0.3778571 0.6221429
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SPAM NOT SPAM
easyham 0.1742857 0.8257143
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spam 0.5587393 0.4412607
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