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Seaunny={D1,D2,D8,D9,D11}

Gain (Sqnny,Humidity) =0.970-(3/5)0.0-(2/5)0.0=0.970
Gain(Ssynny, Temperature)=0.970-(2/5)0.0-(2/5)1.0-(1/5)0.0=0.570
Gain(Seynny, Wind)=0.970-(2/5)1.0-(3/5)0.918=0.019
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