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Cross-Project Defect Prediction using Transfer Learning
Methods
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Abstract Many studies on software defect prediction have been conducted, but it has been difficult to
use them due to a lack of training data. Cross-project defect prediction is a technique to solve this
problem, where a prediction model learned with sufficient training data from existing source project is
used to predict defects in the target project. Before learning, domain adaptation techniques, a type of
transfer learning, are used to minimize the difference in data distribution between the two projects. In
this paper, we produced new prediction models using W-BDA and MEDA and compared their
performance with existing models using TCA and BDA. As a result of the evaluation experiment, MEDA
showed irregular and poor performance compared to other models, but BDA showed better performance
than TCA, and W-BDA showed slightly better performance than BDA.
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H9th. W-BDAE BDARTH 9n|9le A5 TS &
o|#] &t S RBF AES ARESH ZElo] Linear #
dS ARSSE 22 71 REEEY Adso] ot Wetth

I 1. ¥4 ZAXRelLink-Linear-F-measure)
Table 1. Experimental results(ReLink-Linear-F-measure)

TCA[4] | TCA[4] BDA W-BDA | MEDA
(Min-Max)|(Z-score)|(Z-score)|(Z-score)|(Z-score)

Safe-)Apache 0.75 0.60 0.653 0.577 0.821
Zxing-)Apache | 0.26 0.65 0.328 0.328 0.670
Apache-)Safe 0.54 0.64 0.576 | 0.643 0.522
Zxing-)Safe 0.08 0.65 0.459 0.459 0.541
Apache-)Zxing | 0.49 0.42 0.616 | 0.647 | 0.409
Safe-)Zxing 0.52 0.43 0.654 | 0.643 | 0.559
Average 0.44 0.57 0.548 | 0.550 | 0.587

Src-)Tgt

I 2. A8 HAiaKRelLink-RBF-F-measure)
Table 2. Experimental results(ReLink-RBF-F-measure)

TCAI4] | TCA[4] BDA W-BDA | MEDA
(Min-Max)|(Z-score) |(Z-score)|(Z-score) |(Z-score)

Safe-)Apache 0.75 0.60 0.404 0.420 0.671
Zxing-)Apache | 0.26 0.65 0.328 0.350 0.676
Apache-)Safe 0.54 0.64 0.629 0.541 0.564
Zxing-)Safe 0.08 0.65 0.459 0.459 0.556
Apache-)Zxing| 0.49 0.42 0.660 0.642 0.457
Safe-)Zxing 0.52 0.43 0.582 0.647 0.457
Average 0.44 0.57 0.510 0.510 0.564

Src-)Tgt

T 3. &8 ZAD(ReLink-AUC)
Table 3. Experimental results(ReLink-AUC)

Linear kernel RBF kernel
Src-)Tgt

BDA |W-BDA| MEDA | BDA |W-BDA| MEDA

Safe-)Apache | 0.680 | 0.644 | 0.503 | 0.607 | 0.607 | 0.481

Zxing-yApache | 0.687 | 0.687 | 0.542 | 0.704 | 0.694 | 0.476
Apache-)Safe | 0.636 | 0.723 | 0.476 | 0.660 | 0.634 | 0.423
Zxing-)Safe 0.731 | 0.731 | 0.441 | 0.754 | 0.754 | 0.586

Apache-)Zxing | 0.608 | 0.646 | 0.511 | 0.618 | 0.631 | 0.484

Safe-)Zxing | 0.637 | 0.614 | 0.519 | 0.492 | 0.615 | 0.538

Average 0.663 | 0.674 | 0.499 | 0.639 | 0.656 | 0.498
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N Bt o 22 45S YA, RBF AES & 3¢
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T 4. M8 ZIAEEEM-Linear-F-measure)
Table 4. Experimental results(AEEEM-Linear-F-measure)

TCA4] | TCAI4] BDA W-BDA | MEDA

Sre)Tet (Min-Max)| (Z-score) | (Z-score) | (Z-score) | (Z-score)

JDT-)EQ 0.43 0.59 0.640 0.659 0.813

LC-)EQ 0.29 0.62 0.452 0.452 0.798

ML-)EQ 0.19 0.56 0.452 0.452 0.450

PDE-)EQ 0.13 0.58 0.452 0.452 0.764

EQ-)JDT | 0.36 0.48 0.682 | 0.687 | 0.384

LC-)JDT 0.41 0.56 0.702 0.702 0.553

ML-)]DT 0.02 0.54 0.718 0.702 0.326

PDE-)JDT 0.25 0.52 0.702 0.702 0.484

EQ-)LC 0.21 0.27 0.713 0.771 0.161

JDT-)LC 0.29 0.31 0.883 0.847 0.274

ML-)LC 0.14 0.25 0.863 0.863 0.151

PDE-)LC 0.06 0.27 0.863 0.863 0.203

EQ-)ML 0.20 0.23 0.636 0.698 0.163

JDT-)ML 0.27 0.32 0.825 0.826 0.291

LC-)ML 0.20 0.29 0.807 0.807 0.305

PDE-)ML 0.11 0.29 0.807 0.807 0.253

EQ-)PDE 0.25 0.33 0.712 0.694 0.244

JDT-)PDE 0.38 0.39 0.831 0.844 0.429

LC-)PDE 0.25 0.37 0.796 0.796 0.426

ML-)PDE 0.32 0.37 0.796 0.796 0.312

Average 0.24 0.41 0.717 0.721 0.389

H 5. 43 ZIAEEEM-RBF-F-measure)
Table 5. Experimental results(AEEEM-RBF-F-measure)

TCAl4] | TCA[4] BDA W-BDA | MEDA

Sre-)Tgt (Min-Max)| (Z-score) | (Z-score) | (Z-score) | (Z-score)

JDT-)EQ 0.43 0.59 0.471 0.630 0.555

LC->EQ 0.29 0.62 0.452 0.452 0.569

ML-)EQ 0.19 0.56 0.452 0.452 0.557

PDE-)EQ 0.13 0.58 0.452 0.452 0.574

EQ-)JDT 0.36 0.48 0.737 0.734 0.343

LC-)JDT 0.41 0.56 0.702 0.702 0.340

ML-)JDT 0.02 0.54 0.702 0.703 0.343

PDE-)JDT 0.25 0.52 0.702 0.702 0.343

EQ-)LC 0.21 0.27 0.790 0.634 0.170

JDT-)LC 0.29 0.31 0.860 0.891 0.169

ML-)LC 0.14 0.25 0.867 0.867 0.169

PDE-)LC 0.06 0.27 0.863 0.863 0.171

EQ-)ML 0.20 0.23 0.631 0.757 0.233

JDT-)ML 0.27 0.32 0.811 0.814 0.233

LC-H)ML 0.20 0.29 0.807 0.807 0.236

PDE-)ML 0.11 0.29 0.807 0.807 0.234

EQ-)PDE 0.25 0.33 0.754 0.695 0.245

JDT-)PDE 0.38 0.39 0.799 0.803 0.245

LC-)PDE 0.25 0.37 0.796 0.796 0.247

ML-)PDE 0.32 0.37 0.796 0.795 0.252

Average 0.24 0.41 0.713 0.718 0.311

E 6. &8 ZI(AEEEM-AUC)
Table 6. Experimental results(AEEEM-AUC)

Linear kernel RBF kernel
BDA |W-BDA| MEDA | BDA |W-BDA| MEDA
JDT-)EQ | 0.684 | 0.696 | 0.508 | 0.784 | 0.807 | 0.525
LC-)EQ 0.771 | 0.771 | 0.538 | 0.683 | 0.683 | 0.541
ML-)EQ | 0.704 | 0.704 | 0.536 | 0.572 | 0.572 | 0.492
PDE-)EQ | 0.721 | 0.721 | 0.491 | 0.687 | 0.687 | 0.456
EQ-)JDT | 0.674 | 0.668 | 0.507 | 0.802 | 0.803 | 0.528
LC-)JDT | 0.728 | 0.728 | 0.516 | 0.799 | 0.799 | 0.547
ML-)JDT | 0.738 | 0.779 | 0.502 | 0.741 | 0.741 | 0.509
PDE-)JDT | 0.761 | 0.761 | 0.522 | 0.762 | 0.762 | 0.511
EQ-)LC | 0.629 | 0.714 | 0.411 | 0.712 | 0.661 | 0.515
JDT-)LC | 0.761 | 0.755 | 0.467 | 0.790 | 0.645 | 0.449
ML-)LC 0.713 | 0.713 | 0.521 | 0.727 | 0.723 | 0.470
PDE-)LC | 0.784 | 0.784 | 0.537 | 0.760 | 0.760 | 0.544
EQ-)ML | 0.527 | 0.528 | 0.499 | 0.441 | 0.682 | 0.520
JDT-)ML | 0.644 | 0.671 | 0.519 | 0.574 | 0.680 | 0.488
LC-H)ML | 0.709 | 0.709 | 0.490 | 0.587 | 0.587 | 0.472
PDE-)ML | 0.681 | 0.681 | 0.512 | 0.605 | 0.605 | 0.522
EQ-)PDE | 0.673 | 0.632 | 0.523 | 0.566 | 0.642 | 0.501
JDT-)PDE | 0.718 | 0.741 | 0.500 | 0.647 | 0.647 | 0.500
LC-)PDE | 0.675 | 0.675 | 0.482 | 0.700 | 0.700 | 0.482
ML-)PDE | 0.632 | 0.632 | 0.488 | 0.694 | 0.697 | 0.519
Average | 0.696 | 0.703 | 0.503 | 0.682 | 0.694 | 0.505

Src-)Tgt

AUC ZYE Yehd B 68 i 5 AYS ARSSH A
¢ % W-BDAZF BDARECH 177004 o £2 5=
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