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Abstract; Sample Size Determination is commonly encountered in modern medical studies and statistical
analysis for two independent binomial experiments. During experimental design for estimating the differ-
ence between two binomial proportions, sample size is often calculated to ensure that the estimation will
be within a desired distance from the true value with sufficiently high probability. Prudent use of the pri-
or information is a crucial step of experimental planning. Most of sample size formulae in current use em-
ploy this information only in the form of point estimates, even though it is usually more accurately ex-
pressed as a distribution over a range of values. In this paper, Bayesian posterior risk criteria and Monte
carlo method to determine sample size were proposed and these approaches to the design of an experiment
to estimate the difference between two binomial proportions were applied. Finally, Bayesian methods for
sample size calculation under O ~1 loss function and quadratic loss function were considered.
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