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Gradient Descent Approach for Value-Based Weighting
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ABSTRACT

Naive Bayesian leamning has been widelv used in many data mining applications, and it performs surprisingly well on many
applications. However, due to the assumption that all attributes are equally important in naive Bayesian leaming, the posterior probabilities
estimated by naive Bayesian are sometimes poor. In this paper, we propose more fine-grained weighting methods, called value weighting,
in the context of naive Bayesian learming. While the current weighting methods assign a weight to each attribute, we assign a weight to
cach attribute value. We investigate how the proposed value weighting effects the performance of naive Bayesian learning. We develop
new methods, using gradient descent method, for both value weighting and feature weighting in the context of naive Bavesian, The
performance of the proposed methods has been compared with the attribute weighting method and general Naive bavesian, and the value
weighting method showed better in most cases,
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balance-scale 91 + 23 89 + 28 8 + 30
flare 74 £ 42 77+ 21 78 + 45
vote 0 + 28 92 +19 93 £ 21
kr-vs-kp 87 + 23 78 £ 31 89 £ 36
nursery 92+ 16 8 % 20 8 * 26
promoters 94 £ 1.7 97 £ 09 a1 + 1.1
tic-tac-toe 69 + 54 66 + 47 70 £+ 53
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