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Abstract:

quired parameters for defining probabilistic lower and upper approximations are calculated based on cost functions through Bayesian

Three-way decision-theoretic rough set model is a probabilistic extension of the algebraic rough set model. The re-

decision procedure . Through providing different cost functions, decision-theoretic rough set model can derive many other probabilistic
rough set models, such as variable precision rough set model, etc. This paper constructs an optimum problem based on decision-theo-
retic rough set model. Through solving the optimum problem, one can get the proper cost functions and thresholds without any pre-
liminary knowledge . An adaptive learning parameters algorithm is also proposed to solve the optimum problem. The search space of
the algorithm is the set of all instances’ probabilities. Under the three-way decision-theoretic rough set model which is based on the
learned cost functions and thresholds, the decision cost is minimal and a better classification performance can be gotten from that.

The experimental result on some data sets shows the efficiency of our algorithm.
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Adaptive Learning Cost Functions Algorithm( Alcofa)

Input: training set X = {x;,***, 2,1 .

Output : three thresholds («, B, 7).

BEGIN

initialize a, 3,7,y =, min = MAXINT;

FOR each x;€ X

x=xUlxls

compute the overall cost R, based on (a,8,7);
min = R, ;

replace a by p;;

compute the overall cost R;C based on (a',f3,7);
IF R, < min THEN

min = R:(;

END IF

replace 8 by p;;

compute the overall cost R;C based on (a,p ,7);
IF R, < min THEN

min = R;C;

END IF

replace 7 by p;;

compute the overall cost R;C based on (a,B,7');

IF R, < min THEN

min = R:A;

END IF

update the thresholds (a,3,7) to (a’,8",”") corresponding to the min
value;

END FOR

return the current thresholds (a,3,7);

END BEGIN
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