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Predicting Bug-Fixing Time: An Empirical Study of
Commercial Software Projects
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Abstract—For a large and evolving software system, the project
team could receive many bug reports over a long period of time.
It is important to achieve a quantitative understanding of bug-
fixing time. The ability to predict bug-fixing time can help a

project team better estimate software maintenance efforts and
hetter manaoce snftware nraiects. In thic naner. we nerfarm an

’CA Technologies
Melbourne, Australia
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time from the creation of a bug record to the time the bug is
resolved as fixed.

Although each bug is assigned with a severity and a priority,
we find that we cannot simply predict bug-fixing time based
merely on bug severity or priority. Bug-fixing time is affected
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DRONE: Predicting Priority of Reported Bugs
Multi-Factor Analysis
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Abstract—Bugs are prevalent. To improve software quality,
developers often allow users to report bugs that they found using
a bug tracking system such as Bugzilla. Users would specify
among other things. a descrintion of the bug. the component

and decide the appropriate priority levels.
To aid bug triagers in assigning priority, we
new automated approach to recommend priority lev




Most studies assume: niv.
Data in a period are similar to one in other periods

bug report data Metrics A
for 6 years

1 prediction model Release X X+1 X+2 X+3




Are Fix-Inducing Changes a Moving Target?
A Longitudinal Case Study of Just-In-Time Defect Prediction
Shane Mcintosh, Member, IEEE and Yasutaka Kamei, Member, IEEE

Abstract—Just-In-Time (JIT) models identify fix-inducing code changes. JIT models are trained using techniques that assume that
past fix-inducing changes are similar to future ones. However, this assumption may not hold, e.g., as system complexity tends to
accrue, expertise may become more important as systems age.

In this paper, we study JIT models as systems evolve. Through a longitudinal case study of 37,524 changes from the rapidly
evolving QT and OPENSTACK systems, we find that fluctuations in the properties of fix-inducing changes can impact the performance
and interpretation of JIT models. More specifically: (a) the discriminatory power (AUC) and calibration (Brier) scores of JIT models drop
considerably one year after being trained; (b) the role that code change properties (e.g., Size, Experience) play within JIT models
fluctuates over time; and (c) those fluctuations yield over- and underestimates of the future impact of code change properties on the
likelihood of inducing fixes. To avoid erroneous or misleading predictions, JIT models should be retrained using recently recorded data
(within three months). Moreover, quality improvement plans should be informed by JIT models that are trained using six months (or
more) of historical data, since they are more resilient to period-specific fluctuations in the importance of code change properties.

Index Terms—Just-In-Time prediction, defect prediction, mining software repositories
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A Longitudinal Case Study of Just-In-Time Defect Prediction

Shane Mclntosh, Member, IEEE and Yasutaka Kamei, Member, IEEE

Abstract—Just-In-Time (JIT) models identify fix-inducing code changes. JIT models are trained using techniques that assume that
past fix-inducing changes are similar to future ones. However, this assumption may not hold, e.g., as system complexity tends to

accrue, expertise may become more important as systems age.

In this paper, we study JIT models as systems evolve. Through a longitudinal case study of 37,524 changes from the rapidly
evolving QT and OPENSTACK systems, we find that fluctuations in the properties of fix-inducing changes can impact the performance
and interpretation of JIT models. More specifically: (a) the discriminatory power (AUC) and calibration (Brier) scores of JIT models drop
considerably one year after being trained; (b) the role that code change properties (e.g., Size, Experience) play within JIT models
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Are Fix-Inducing Changes a Moving Target?
A Longitudinal Case Study of Just-In-Time Defect Prediction

More recent data contributes the prediction accuracy

dCCruc, eXperuse Iridy DeCOITie more mmporidrit ds sSysieirs dye.

In this paper, we study JIT models as systems evolve. Through a longitudinal case study of 37,524 changes from the rapidly
evolving QT and OPENSTACK systems, we find that fluctuations in the properties of fix-inducing changes can impact the performance
and interpretation of JIT models. More specifically: (a) the discriminatory power (AUC) and calibration (Brier) scores of JIT models drop
considerably one year after being trained; (b) the role that code change properties (e.g., Size, Experience) play within JIT models
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Are Fix-Inducing Changes a Moving Target?
A Longitudinal Case Study of Just-In-Time Defect Prediction

More recent data contributes the prediction accuracy
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The magnitude of the importance scores fluctuate as systems evolve
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This paper assumes:
Developers’ activities might vary during Release Cycle (RC)

-~

Developers focus on ...
Fixing Improving Making .
Serious bug? performance? New features? Testing:
PERFORMANCE 7
A
Minor Release Minor Release
Release X (X.1) (X.2) Release X+1
Our goal:

Understand the impact of the RC on bug priority prediction

[1] S. McIntosh and Y. Kamei, "Are Fix-Inducing Changes a Moving Target? A Longitudinal Case Study of Just-In-Time Defect Prediction," in [IEEE Transactions on Software Engineering, vol. 44, no. 5, pp. 412-428, 1 May 2018.
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Ro Yearly 1main release

and 2 service releases

Release name Platform version Main release R1

Indigo 3.7 June 22, 2011 September 23, 2011 Febru;r-y— 24, 2012
Helios 3.6 June 23, 2010 September 24, 2010 February 25, 2011
\Galileo 3.5 June 24, 2009 September 25, 2009 February 26, 2010
IGanymede 3.4 June 25, 2008 September 24, 2008 February 25, 2009
Europa 3.3 June 27, 2007 September 28, 2007 February 29, 2008

—
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Release name

Platform version

Main release

R1
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Ro Yearly 1main release

Indigo

3.7

June 22, 2011

September 23, 2011

and 2 service releases

February 24, 2012

Helios

3.6

- Yearly synchronized

June 23, 2010

September 24, 2010

February 25, 2011

|Gameu 5.0 — June 24, 2009 September 25, 2009 February 26, 2010
IGanymede 3.4 June 25, 2008 September 24, 2008 February 25, 2009
Europa 3.3 June 27, 2007 September 28, 2007 February 29, 2008

—
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Main release
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Ro Yearly 1main release

Indigo

3.7

June 22, 2011

September 23, 2011

and 2 service releases

February 24, 2012

Helios

3.6

- Yearly synchronized

June 23, 2010

September 24, 2010

Well-developed

8years

—

|Gamreo 3.0 — June 24, 2009 September 25, 2009 February 26, 2010
IGanymede 3.4 June 25, 2008 September 24, 2008 February 25, 2009
Europa 3.3 June 27, 2007 September 28, 2007 February 29, 2008
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Release name

Platform version

Main release

R1

Ro Yearly 1main release

Indigo

3.7

June 22, 2011

September 23, 2011

and 2 service releases

February 24, 2012

Helios

3.6

- Yearly synchronized

June 23, 2010

September 24, 2010

Well-developed

8years

T— ——

" plenty of bug reports

T— —

|Gamreo 3.0 — June 24, 2009 September 25, 2009 February 26, 2010
IGanymede 3.4 June 25, 2008 September 24, 2008

28,924
Europa 3.3 June 27, 2007 September 28, 2007 February 29, 2008

——
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HQ71: Do bug-fixing RQ2: Do Release-aware RQ3: How fine-grained
activities vary across models for priority data should be used?

within release cycle? change outperform
Global model?
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- Growing number of reports towards end of owakayama
the cycle
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growing percentage of reports that will owa.kayama o
receive high priority at some point in time
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Bugs reported in June tend to be carried over o
Into next release
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1.0 Jan in
May . F
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Fixed month Fixing-time
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‘'« | Bugs reported in June tend to be carried over 0
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Report

Close

Dailly Comment

Changes

Commits

# of reports

# of High/Mid/Low priority reports
# of High/Mid/Low severity reports
# of enhancement

# of reports

# of High/Mid/Low priority reports
# of High/Mid/Low severity reports
# of enhancement reports

# of comments

# of commentator

# of changes priority low to high
# of changes priority high to low
# of changes severity low to high
# of changes severity high to low
# of commits

# of files

# of adds

# of deletes

Bug

”Y Metrics for the statistical tests

Report

Commit

#of description words
bayes socre

# of priority change

# of assigned

# of cc

# of comments

# of commentator

time for assigning bug
time for fixing bug

# of commits

# of files

# of adds

# of deletes

median of adds per file
median of delets per file



Report

Close

Daily Comment

Changes

Commits

# of reports

# of High/Mid/Low priority reports
# of High/Mid/Low severity reports
# of enhancement

# of reports

# of High/Mid/Low priority reports
# of High/Mid/Low severity reports
# of enhancement reports

# of comments

# of commentator

# of changes priority low to high
# of changes priority high to low
# of changes severity low to high
# of changes severity high to low
# of commits

# of files

# of adds

# of deletes

Bug

Report

Commit

-} 14 metrics are not affected by release cycle

#of description words
bayes score

# of priority change

# of assigned

# of cc

# of comments

# of commentator

time for assigning bug
time for fixing bug

# of commits

# of files

# of adds

# of deletes

median of adds per file
median of deletes per file



Developers are focusing on different activities during Release Cycle

Developers take longer Developers develop new
time to discuss and fix bugs features or make huge changes
# of CC, comments, commentator T # of enhancement report close 1
Time for assigning, fixing 1 # of commits, files, add, delete T
Service Service o’ . Eclipse Main
Release Release Con release
Jul Oct Jan Apr

Developers change

Developers are less active priorities and fix high priority bugs
most metrics | # priority/severity change T
# High priority close 1

We might need to build fine-grained, release aware models
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— Quality
HQ71: Do bug-fixing RQ2: Do Release-aware RQ3: How fine-grained
activities vary across models for priority data should be used?

within release cycle? change outperform
Global model?

Yes, fixing activities are effected by

release cycle (especially, bug reporting,
bug-fixing, priority change).
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RQ1: Do bug-fixing 102: Do Release-aware RQ3: How fine-grained
activities vary across models for priority data should be used?

within release cycle? change outperform
Global model?
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Zaypa Predict priorities of bug reports whether high Qwakayama
% priority or not with Random Forest

@00 (< Bl & bugs.eclipse.org

= eclipse

Bugzilla - Bug 33111

Bug 33111 - [Navigator] Copy/Paste projects doesn't enable

Status: RESOLVED FIXED
Alias: None

Product: Platform
Component: UI (show other bugs)
Version: 2.1 [«

Hardware: PC Windows 2000

Importance: P1 major (vote)

@00 < Bl & bugs.eclipse.org

= eclipse
Bug 33333 - Advanced Option dialog truncates drop-down list chois
Status: VERIFIED FIXED

Alias: None

Product: IDT
Component: Debug (show other bugs)
Version: . 1 |[&

Hardware: Macintosh Mac OS X - Carbon (unsup.)

Importance: P3 normal (vote)
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Report

Close

Daily Comment

Changes

Commits

# of reports

# of High/Mid/Low priority reports
# of High/Mid/Low severity reports
# of enhancement

# of reports

# of High/Mid/Low priority reports
# of High/Mid/Low severity reports
# of enhancement reports

# of comments

# of commentator

# of changes priority low to high

# of changes priority high to low

# of changes severity low to high
# of changes severity high to low
# of commits

# of files

# of adds

# of deletes

Bug

“) Metrics for the statistical tests

Report

Commit
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#of description words
bayes socre

# of priority change

# of assigned

# of cc

# of comments

# of commentator

time for assigning bug
time for fixing bug

# of commits

# of files

# of adds

# of deletes

median of adds per file
median of delets per file

Hardware: Macintosh Mac OS X - Carbon (unsup.)

Importance: P3 normal (vote)
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r ; : ¥ ; v i v 1)
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1% Methodology of model building ~ #9:

Dataset
Jul Sep Nov Jan Mar May Jul Sep Nov Jan Mar May Jul Sep Nov Jan Mar May Jul Sep Nov Jan Mar May
.. g v . \ 4 : v : v
Tor g'll'(r)ablgllr:g()del ‘""L [ Trailning j [ Trailning j [ Trailning j [ Trailning j
:% i i i i
VIF removal (th=5) Feature selection (Information gain)




Ai& Methodology of model building  #®:

Dataset
Jul Sep Nov Jan Mar May Jul Sep Nov Jan Mar May Jul Sep Nov Jan Mar May Jul Sep Nov Jan Mar May
-
Training |, .. " : " : " : "
for global model L [ Training j [ Training j [ Training j [ Training j

v




Am Methodology of model building  #®:

Dataset
Jul Sep Nov Jan Mar May Jul Sep Nov Jan Mar May Jul Sep Nov Jan Mar May Jul Sep Nov Jan Mar May
-
Training |, .. " : " : " : "
for global model L [ Training j [ Training j [ Training j [ Training j
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false negatives true negatives
° o © O o
18000
13500
true positives false positives 9000
4500
O = »
Negative Postive
7 ST
o w
[1] Wang, S., Minku, L.L., Yao, X.: A systematic study of online class imbalance learningwith concept drift. IEEE XVIKIPEIDICIA
e Free Encyclopedia

Transactions on Neural Networks and Learning Systems pp.1-20 (2018)
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Al4 Evaluation: Recall, G-Mean, AUC #®»
J
How many relevant How many negative
items are selected? selected elements
false negatives true negatives are truly negative?

©o 4 o O o

w= Specificity =

true positives false positives

-

G — mean = \/ Recall x Specificity

WIKIPEDIA

The Free Encyclopedia



3 Evaluation: Recall, G-Mean, AUC #»:. @

ROC-AUC

false negatives true negatives How many relevant

©oq o O o

items are selected?

Recall =

— ROC curve (AUC 079)

Specificity =

How many negative

selected elements
are truly negative?
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Release aware models can not totally

 outperform Global models
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0.5
0.375
0.25

0.125

All models rely on bayes score but Global
model made better predictions

Pick up variables (Importance > 0.05) for each prediction model

GM

bayes_score
severity

QI

status changes
IXINng-time

Q2
comments (

Q3

Project)

assigning-time

Q4

# comments (Bug)



P @ All models rely on bayes score but Global P
model made better predictions " @ univ

Pick up variables (Importance > 0.05) for each prediction model
Bayes score are not affected by

0.5

release cycle
0.375
0.25
0.125
O

GM Q1 Q2 Q3 Q4

bayes_score status changes comments (Project) # comments (Bug)

severity fixing-time assigning-time



P @ All models rely on bayes score but Global P
model made better predictions " @ univ

Pick up variables (Importance > 0.05) for each prediction model

05 Good Bayes score are not affected by

classifier? release cycle
0.375
0.25
0.125
0

GM Q1 Q2 Q3 Q4

bayes_score status changes comments (Project) # comments (Bug)

severity fixing-time assigning-time



N l & All models rely on bayes score but Global L
model made better predictions *

Pick up variables (Importance > 0.05) for each prediction model

05 Good Bayes score are not affected by
classifier? release cycle
0.375
RQ2-2:
023 If RAM uses the same Bayes classifier with Global models,
can RAM outperform Global model?
0.125
0

GM QI Q2 Q3 Q4

bayes_score status changes comments (Project) # comments (Bug)
severity fixing-time assigning-time
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Hybrid Release aware models outperform Global model in Q1
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