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(b) Pima

0.4 0.5 0.6 0.7 0.8 0.9 1.0

0
20

00
40

00
60

00
80

00
12

00
0

Confidence

C
os

t

● ● ● ●

●

●

●

●
●

● ● ●
●

● Naive Bayes CFA
SVM CFA
J48 CFA
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Figure 8:Total feature acquisition cost results for CFA using different base classifiers.
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