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"Hi @[USER], thanks for pinging me on this issue.”
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Otherwise this could give us
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Otherwise, this could result in a
dangerous bug infestation in your
garden.
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Figurative Sentence

Otherwise this could give us
a nasty bug.
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Otherwise this could result in a
dangerous error in code.
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Otherwise, this could result in a
dangerous bug infestation in your
garden.
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Model SE-specific (n=371) General (n=1,179) Overall(n=1,6061)
Simgaps > Simpaps | p-value | |Cliff’s 8| | Simgaps > Simppys | p-value | |Cliff’s 8| | Simgps > Simpps | p-value | |Cliff’s 9|
BERT 84.51% p <0.01 0.629 87.40% p <0.01 0.638 86.57% p <0.01 0.637
RoBERTa 83.70% p <0.01 0.648 85.21% p <0.01 0.620 84.95% p <0.01 0.632
ALBERT 81.79% p <0.01 0.610 85.80% p <0.01 0.598 85.00% p <0.01 0.605
CodeBERT 77.99% p <0.01 0.498 79.63% p <0.01 0.493 79.11% p <0.01 0.495
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Model Anger Love Fear Joy Sad. Surp. Mic.Avg.
BERT 0.506 0.712 0.536 0.579 0.636 0.594 0.588
BERT-FL 0.547 0.709 0.562 0.608 0.661 0.632 0.627
+/- +8.10% -0.42% +4.85% +5.01% +3.93% +6.40% +6.60%
RoBERTa U575 0.683 0.500 0.613 0.673 0.592 %593
RoBERTa-FL 0.551 0.733 0.545 0.667 0.667 0.617 0.632
+/- +4.95% +6.82% +8.26% +8.10% -0.90% +4.05% +6.66%
ALBERT 0.462 0.658 0.430 0.487 0.628 0.564 0.531
ALBERT-FL 0.443 0.682 0.435 0.540 0.624 0.592 0.550
+/- -4.11% +3.52% +1.15% +9.81% -0.64% +4.73% +3.63%
CodeBERT 0.484 0.711 0.507 0.558 0.515 0.576 0.561
CodeBERT-FL 0.497 0.723 0.444 0.605 0.645 0.617 0.583
+/- +2.79% +1.70% -14.08% +7.75% +10.92% +6.61% +3.90%
Avg. +/- +2.93% +2.90% +0.04% +7.67% +3.33% +5.45% +5.20%
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i =E =

Model P1 P2 P3 P4 P5 Micro Average
BERT 0.606 0.329 0.833 0.0 0.663 0.716
BERT-FL 0.632 0.359 0.842 0.0 0.667 0.730
+/- +4.31% +9.14% +1.10% - +0.52% +1.96%
RoBERTa 0.61 0.293 0.827 0.0 0.677 0.707
RoBERTa-FL 0.624 0.343 0.839 0.0 0.674 0.724
+/- +1.91% 17.24% +1.39% - -0.51% +2.40%
ALBERT 0.564 0.288 0.810 0.0 0.670 0.683
ALBERT-FL 0.602 0.299 0.827 0.0 0.674 0.709
+/- +6.71% +3.88% +2.14% - +0.53% +3.71%
CodeBERT 0.608 0.363 0.830 0.0 0.667 0.714
CodeBERT-FL 0.636 0.373 0.839 0.0 0.670 0.726
+/- +4.55% 2.64% +1.08% - 0.52% +1.61%
Avg. +/- +4.37% +8.23% +1.43% - +0.27% +2.42%
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