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Development of Bayesian network software which integrates user's prior knowledge
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n AIC MDL K2 | ICOMP
50 0 0 0 0

100 205 75 18 1
150 423 347 222 8
200 486 641 487 59
250 494 786 634 166
300 497 908 752 385
400 498 951 782 618
500 487 972 835 880
600 480 983 870 974
700 458 985 879 994
800 462 980 872 998
900 432 988 881 999
1000 424 988 897 999
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