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Research on software defect prediction based on ExtraTree
WANG Xinyu, CUI Yining, DUAN Yingying
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( School of Computer Science, Beijing Information Science and Technology University, Beijing 100101, China)

[ Abstract] Software defect prediction technology can identify the software defect modules, improve the quality and safety
performance of software, reduce the development cost. Aiming at the problem that the prediction results of different models differ
greatly, this paper adopts the software defect prediction method based on ExtraTree to study the static software defect module with
complex structure, class imbalance and lack of historical data, and uses the synthetic minority class oversampling technology to
perform basic processing on the original data set. Five single classifier models are used to predict software defect data sets
respectively. Finally, the weak classifiers are integrated based on the ExtraTree, and the software defect modules are predicted by the
ensemble classifier. The validation experiments on NASA MDP data set show that the application of the ExtraTree method to
software defect prediction has good performance.
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Tab. 1 NASA MDP Subset of the data
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KCI C++ 2017 325 22 16.11
KC3 Java 458 43 40 9.39
MC2 C 161 52 38 323

MW1 o 403 31 38 7.7

PCI C 1031 76 37 7.37
PC3 C 1563 160 38 10.24
PC4 C 1458 178 38 12.21
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Tab. 2 NASA MDP Experimental results of the data sets

Jiid:
T T _ \
PR ALK BEEERRETE T E R IRT HIGNEE  BUE R
KC1 Recall 0.455 0.48 0.478 0.443 0.551 0.489
Precision 0.439 0.499 0.474 0.542 0.363 0.479
Fl1 0.437 0.481 0.471 0.476 0.433 0.451
KC3 Recall 0.336 0.378 0.366 0.372 0.412 0.353
Precision 0.301 0.361 0.379 0.275 0.48
F1 0.294 0.327 0.275 0.336 0.291 0.352
MC2 Recall 0.358 0.375 0.366 0.372 0.412 0.45
Precision 0.289 0.387 0.263 0.379 0.275 0.565
Fl1 0.303 0.328 0.272 0.336 0.291 0.478
MW1 Recall 0.3 0.386 0.366 0.372 0.412 0.483
Precision 0.247 0.388 0.379 0.275 0.445
F1 0.254 0.336 0.275 0.336 0.291 0.419
PC1 Recall 0.455 0.41 0.477 0.36 0.577 0.39
Precision 0.389 0.54 0.32 0.445 0.44
F1 0.389 0.393 0.408 0.316 0.483 0.393
PC3 Recall 0.365 0.43 0.366 0.372 0.412 0.429
Precision 0.288 0.414 0.379 0.275 0.434
0.306 0.374 0.275 0.336 0.291 0.423
PC4 Recall 0.618 0.655 0.727 0.691 0.751 0.608
Precision 0.522 0.602 0.633 0.546 0.663
Fl 0.552 0.619 0.638 0.651 0.622 0.629
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