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Cost-sensitive Software Defect Prediction Method Based on Boosting
YANG Jie YAN Xue-feng ZHANG De-ping

(College of Computer Science and Technology, Nanjing University of Aeronautics and Astronautics, Nanjing 211106, China)
Abstract Boosting resampling is a common method to expand data sets for small samples, Firstly, aiming at dimension
disaster phenomenon during resampling process,a randomly feature selection method is used to reduce the dimensions.
In addition, considering the characteristic that software defect prediction’s penalties for missing of true positives and the
wrongly reported of negatives are different, cost-sensitive algorithm is added in feature selection process. On the basis of
multi-normal k-NN weak learning, taking minimum costs as the principle, preditor which consists of k value and attri-
butes subset of the current sampling set is get, cost-sensitive theory is imported to update weight vector during Boosting
resampling process, and different instances are given corresponding weights, An adaptive ensemble k-NN learning is
constructed using all the predictors,and a software defect prediction model is established. The results using NASA’s
data sets show that under the condition of small samples, with this model, missing of true positive rate reduces largely
and the wrongly reported of negative rate increases to some extent. On the whole, compared with the origen boosting-
based learning, the method of cost-sensitive software defect prediction based on boosting greatly improves the prediction
effect,
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ISR, Mg TR SVM Biak FABSR Mt UM B R 2 .
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3.1

cml 344 37 327 42 12. 84
pel 759 37 705 61 8,65
kel 1183 22 1183 314 26. 54
pc3 1125 37 1077 134 12. 44

3.2 LEBECR
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8. meanLost=w(i) * lost(i) +meanLost; / /¥R #E T A LH A K6

F3l.
#3 RAFKABERNLRER

B 25% 50% 75% 100%
BER 2 CSBk-NN Bk-NN NB  CSBk-NN Bk-NN NB  CSBk-NN Bk-NN NB  CSBk-NN Bk-NN NB
pd 0. 520 0.327 0.770 0.621 0.520  0.473 0. 680 0.467  0.355 0. 667 0.494 0.386
cml pf 0. 325 0.224 0.701 0. 233 0.206 0.163 0. 336 0.194 0.116 0. 320 0.227 0.117
bal 0. 590 0.454  0.425 0. 642 0.630 0,582 0.672 0.599  0.536 0. 674 0.609  0.559
pd 0.424 0.380 0.336 0.579 0.374  0.329 0. 623 0.425 0.270 0. 657 0.558  0.369
pcl pf 0.176 0.219  0.094 0. 229 0.063  0.093 0.197 0.084 0.076 0.172 0.073  0.068
bal 0. 570 0.509 0.514 0. 654 0.553  0.519 0. 676 0.575  0.480 0. 703 0.680 0.551
pd 0. 602 0.488 0.322 0.715 0.541 0,313 0. 691 0.575  0.302 0. 653 0.564  0.320
kel pf 0. 486 0.337 0.153 0. 559 0.336 0.098 0. 452 0.310 0.127 0. 401 0.322  0.129
bal 0. 556 0.559 0.508 0. 556 0.592  0.509 0.612 0.623  0.499 0. 625 0.612  0.510
pd 0. 612 0.472  0.491 0. 640 0.477  0.879 0. 681 0.500 0.631 0. 635 0.518 0.913
pc3 pf 0. 240 0.120 0.198 0.271 0.143  0.630 0. 276 0.150  0.242 0. 269 0.137  0.702
bal 0. 657 0.612  0.590 0. 673 0.612  0.533 0. 700 0.624 0.673 0, 669 0.644 0,496
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