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Research on Bayesian statistical modeling with dirty data
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[ Abstract] In order to deal with the dirty data in Bayesian statistical modeling, there are usually two solutions. One is to clean the
entire data, but this method is costly and less feasible for medium or large data sets. Another is to use point estimation. Although this
method can effectively reduce the cost of cleaning, the authenticity of Bayesian model is not guaranteed. In view of the problems in
the above cleaning methods, this paper proposes a novel approach, namely Interval — based Bayesian Statistical Modeling,
abbreviated as Interval Bayesian Modeling. Interval Bayesian Modeling combines the Central Limit Theorem, and uses the method of
interval estimation to ensure that the posterior probability will fall in the estimated probability interval with constant probability.
Experimental results show that Interval Bayesian Modeling can train a good Bayesian model by cleaning a small number of samples,
offering significant improvement in cost over cleaning all of the data and significant improvement on precision and recall over
cleaning none of the data.
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Tab. 1 The cleaning result for dirty data

Weight Color Shape Good Apple

111(106) green irregular No
152 red irregular Yes
148 green(red) circle Yes
145 red ( green) circle Yes(No)
147 green irregular No
118 red circle Yes
135 green circle(irregular) No
121 red circle (irregular) No
109 green circle No
138 red irregular( circle) Yes
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Fig. 1 The effect of IBSM with different error ratio for Business

dataset
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