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INTRODUCTION

• Classic approach in defect prediction: Binary 
classification

• Idea: Different categories of defects may result from 
different patterns. Predicting defects by category may 
have practical benefits for effort planners.

•Approach:  Select from different prediction models 
for different classes of defects



Research Question

•How can we increase the information content of defect 
predictor outcomes?



Contributions Of The Work

1. Mine the data repository of a large-scale enterprise software product
and extract churn metrics and defect types

2. Analyze relations between metrics and defect categories

3. Build a general defect prediction model

4. Build a category-based defect prediction model and combine category-
based defect prediction models to compare with the general defect
prediction model

5. Try the methodology with another categorization method



Dataset

• A module of architectural functionality in a         
large-scale enterprise product.

20 years old code base
Language: C/C++
Average File Size: ~3 kLOC
Number of Methods: 7742
Snapshot Date: 10 months before release
~500 kLOC



Dataset

Metrics used
• Static Code Metrics

•McCabe
• Halstead
• LOC

• Churn Metrics



Dataset - Defect Types

FT Defects ST Defects Field Defects

Defects that are 
associated with the 
bugs found
during function test 

Defects that are 
associated with the 
bugs found
during system test

Defects that are 
associated with the 
bugs found
in the field (by the 
customers)



Dataset – For Replication
• Eclipse Dataset  (Available on Promise Repository)
• Versions 2.0, 2.1, 3.0

Defect Types In Eclipse
• Pre-Release   (spans 6 months before a release)
• Post-Release (spans 6 months after a release)



DATA EXTRACTION & DEFECT MATCHING



Distribution of Metrics According to Defect Types

Certain attributes follow similar trends for all methods, but methods with Field defects, 
methods with all defects and methods with no defects have different medians.

Total operands



Distribution of Metrics According to Defect Types 

Cyclometric Complexity

Certain attributes follow almost the same trends for all methods.



Top 10 Metrics For Different Defect Types

FVT Defects
0.04419   edits

0.04342  removed_line
0.03476  Comment LOC
0.03354  added_line
0.02903  Total LOC
0.02564  executable_loc

0.02523  Branch_count
0.02523  decision_count
0.0252    condition_count
0.02423  cyclomatic_complexity

SVT Defects
(1) 0.02797   edits
(2) 0.02619   all_churn
(3) 0.02594   removed_line

(4) 0.02281   added_line
(5) 0.01913   unique_operands
(6) 0.01871   halstead_vocabulary
(7) 0.01712   Total LOC
(8) 0.01681   Comment LOC

(9) 0.01639   executable_loc
(10) 0.01599 halstead_volume

Field Defects
(1) 0.0659    all_churn
(2) 0.06544  edits
(3) 0.06151  added_line

(4) 0.05865  removed_line
(5) 0.03051  halstead_vocabulary
(6) 0.03039  unique_operands
(7) 0.03019 halstead_length
(8) 0.03001 halstead_volume

(9) 0.02996 Halstead Error
(10) 0.02985 total_operands

- Calculated with infogain algorithm.

- LOC & CC is more important for FVT or SVT than field defects. Churn is important in all 
defects.



METHODOLOGY – PREDICTION MODEL

• Comparison of Combination of Various Methods
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METHODOLOGY – PREDICTION MODEL
Pseudo code



METHODOLOGY – PERFORMANCE MEASURES

Defects
Actual

no yes

Prd
no TN FN

yes FP TP

pd= TP / (FN+TP)
pf = FP / (TN+FP)



RESULTS

Algorithm: Bayes Net, 10-Fold Cross Validation

No Resampling With Resampling (Over or undersampling)

Prediction Type pd pf pd Pf

General Defect 
Prediction

0.6
4

0.27 0.62 0.25

FVT Defect Prediction 0.64 0.17 0.69 0.17

SVT Defect Prediction 0.54 0.21 0.66 0.25

Field Defect Prediction 0.43 0.06 0.67 0.25

Defect Category 
Sensitive Defect 
Prediction               [Field 
or FVT or SVT]

0.71 0.28

Bayes Net with no 
feature selection gave 
the best results for all 

defect types 



RESULTS – Comparison of Generic Model with Defect 
Category Sensitive Model

General Defect 
Predictor
Pd = 0.64
Pf = 0.27

ST Defect 
Predictor
Pd = 0.66
Pf = 0.25

Defect Category 
Sensitive Defect 
Predictor
Pd = 0.71
Pf = 0.28

FT Defect 
Predictor
Pd = 0.69
Pf = 0.17

FIELD Defect 
Predictor
Pd = 0.67
Pf = 0.25

<or>

<or>

vs.

pd significantly higher with p < 0.05  pf difference is insignificant in
defect category sensitive defect prediction.



RESULTS – Replication with Eclipse

The increase in prediction success is not significant in terms of pd and pf
(Mann-Whitney U Test with p < 0.05).



THREATS  to VALIDITY

Construct

•While labeling defect categories, we used the descriptions of testing phases and 
double-checked these labels to overcome any problems.

Internal

•In order to avoid sampling bias in our experiments, we used 10-fold cross 
validation.

External

•For external validation we used Eclipse dataset for conceptual replication of our 
experiments.



CONCLUSIONS

• RQ : How can we increase the information content of defect predictor 
outcomes?

• We can use category information to build a defect prediction model which 
can also increase prediction rates by 10% in our dataset.

Theoretical Contributions
• Our work shows that category based predictors can give better results in terms 
of both information content of prediction and prediction performance

Practical Contributions
• In addition defect category sensitive model can predict the type of defect which 
can be beneficial to effort planners.

Future Work
• We will do research on systematic categorization of defects.



Thank you for your attention…

Question/Comments

bora.caglayan@boun.edu.tr


