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Defect report

Description of a mismatch between the experienced and 
expected behavior of a system

• bug report, 
• trouble report, 
• issue report, 
• failure report, 
• error report, 
• incident report, 
• problem log



Not all defect reports are equal

Type of solution required: 

• Code correction – to fix an error in the implementation

• Documentation update – to fix an error/clarification in the 
description of features

• Training and education – to improve awareness of the systems

• New feature development – requires a decision where the 
functionality should be added to the system

Who should be involved in the investigation and resolution of the bug 
report, and when?

Herzig, Kim, Sascha Just, and Andreas Zeller. "It's not a bug, it's a feature: how misclassification impacts bug 
prediction." 2013 35th international conference on software engineering (ICSE). IEEE, 2013.



Defect report classification

Why categorize:

Task Classification

Should developers be 
involved?

Defect classification based on the type of resolution required. 

A solution may require a code change, customer or support personnel 
education, an update to the documentation, or requesting a new 
feature.



Not straight forward

• There are several review steps to filter and sort the defect 
reports manually.

• The sheer volume of defect reports in a large-scale 
product makes it difficult, time-consuming, and error-
prone to identify this early on correctly.

Case Product size Code base age People Bug reports
Not requiring a code 
correction

P1 Large 10 + years 100 3300 13%

P2 Medium 10 + years 100 3400 16%

P3 Small 8 + years 70 1000 18%

5 OSS projects Small to medium mix 5591 42.6%



Motivation for the use of AI-Based 
solutions

Classification: Supporting defect report routing by automatic and 
early assessment of the solution required for the reported defect.

Understanding: Supporting automatic detection of themes in 
defect reports classes to gain insights. For example,

• Help identify common causes of bug reports, which practitioners 
can use to propose improvements.

• Help identify which features require better documentation.



AI Methods for Classification of Defect 
Reports



Classification approach

Defect 
management 

system

SCW ML Model Trained 
on Past Data

New DRs

Likelihood of 
requiring a code 

change Input
Output

Likelihood of not 
requiring a code 

change 



From Prediction to Explanation

• Submitter Experience (Submitter validity rate = 0.95, 
Total DRs submitted in past = 20, DRs submitted in past 
90 days =1) 

• DR Description (Has testcase=False, Has 
attachment=True, other text features )

• DR Priority = Medium

ML Model

Input

Output

Requires code correction:
Yes =  72%
No = 28%

0 1Base Value: 0.63

Submitter validity rate
Change (text 

feature)
Total TRs 

submitted in past
Other features

name (text 
feature)

statement 
(text 

feature)

Other

features

Major Contributor is Submitter Validity Rate

Sum = 0.72 Sum = 0.28

Reasons why the model suggests this TR will likely be valid

Reasons why the model suggests this TR will likely be Invalid

Title: -------------------------------------------------------------------------
Impact: ------------------------------------------------------------------------- -----------------------------------
-------------------------------------- ------------------------------------------------------------------------- --------
----------------------------------------------------------------- ------------------------------------------------------
------------------- ------------------------------------------------------------------------- ---------------------------
---------------------------------------------- -------------------------------------------------------------------------
DESCRIPTION: -------------------------------------------------. --------------------------------------------------
----------------------- ------------------------------------------------------------------------- -----------------------
--------------------------------------------------

Valid Case: DR Id = 25

Condition 
(text 

feature)

list (text 

feature)



Potential use of the 
classification approach

34 respondents



Understanding 
and insights

From having to review
3500 DRs to 50 DRs



Improvements suggested based 
on the analysis

- Features were identified where unclear documentation 
was leading to a number of defect reports. 

- Additional review and onboarding for new and even 
experienced employees who are new to the product

- The use of the classification early in the process



Some take aways

Reliable tool support in classification 

• Helps to improve productivity

• Provides a cost-effective (several solutions like AutoML
are reducing the steep learning curves)

• Help to generate context-aware improvements backed by 
data-driven insights.

• Works on other artifacts – pull requests,  reviewer 
feedback
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