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Figure 1: The life-cycle of an Eclipse bug report.



BackGround - Bug Triage
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BackGround - Macine Learning
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A SEMI-AUTOMATED APPROACH TO BUG
ASSIGNMENT
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> Characterizing Bug Report.
> Labeling Bug Report.
> Selecting Training Reports.
> Applying a Macine Learning Algorithm.
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A SEMI-AUTOMATED APPROACH TO BUG
ASSIGNMENT
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Step1. Characterizing Bug Report
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Step2. Labeling Bug Reports
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Step3. Selecting Training Report
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Table 2: The effect of developer profile filtering on
recommender accuracy and recall.

# Dev. Precision /Recall
(70)

Firefox | Eclipse | Firefox | Eclipse
No Profile 414 146 23/1 58/7
>1 Fix in 3 mo. 94 82 59/2 57/7
1 66 50 64/2 | 57/7
Aveg. 2 33 42 59/2 57/7

Fixes (3 26 40 64/2 57/7

Per Month | 4 21 40 64/2 58/7
Over 3 18 39 59/2 59/7
3 mo. 6 13 37 45/1 BTLT




Step4. Aplying a Macine Learning Algorithm
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Step4. Aplying a Macine Learning Algorithm

Table 3: The effect of different machine learning algorithms on recommender accuracy and recall.

Y SVM A

Predictions Nailve Bayes A5
Firefox | Eclipse | Firetox | Eclipse | Firefox | Eclipse
1 59/2 54/6 64,2 58/7 64/2 40/5
59/2 | 4911 | 5273 | 52/13 | 41/3 34/9
3 59/2 44/15 \_57/6 A7/16 J  42/5 31/12




Result

Table 2: The effect of developer profile filtering on
recommender accuracy and recall.

# Dev. Precision /Recall
(%)

Firefox | Eclipse | Firefox | Eclipse
No Profile 414 146 23/1 58 /7
>1 Fix in 3 mo. 94 82 59/2 57/7
1 66 50 64/2 57/7
Avg. 2 33 42 59/2 57/7
Fixes 3 26 40 64/2 57/7
Per Month | 4 21 40 64/2 58/7
Over 5 18 39 59/2 59/7
3 mo. 6 13 37 45/1 57/7




VALIDATING WITH GCC
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DISCUSSION -the value of this research
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Summary
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