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TABLE 5: Missing Implementation Details.

Function | Missing Parameter | Possible Values Actual Value

coxph ties efron, breslow or exact efron
cluster either null or id id

cph method efron, breslow, exact, model.frame or model . .matrix | efron

cox.zph | transform km, rank or identity identity
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Fig. 4: ( and the 95% Confidence Interval.

RQ2: CAN WE GENERALIZE THE APPROACH
OF KORU ET AL. TO ADDITIONAL SOFTWARE
PROJECTS?

3.5 Motivation

Our second research question addresses the general-
izability of the methodology and results of Koru et
al. We used the methodology and data formulation of
Koru et al. (i.e., defect fix and continuous time scale),
described in Section 3, to fit a Cox model to Chrome,
Eclipse, Firefox and Netbeans. We then compare the
results derived from these models with the results of
Koru et al. (presented in Section 3).

Koru et al. have studied Eclipse in their previous work
[9]. They found that smaller classes are proportionally
more defect-prone in Eclipse (i.e., the same relationship
they found in the KOffice dataset). However, Koru et al.
failed to properly verify the Cox Proportionals Hazards
assumption: the authors use the nonproportionality test
statistic, a numerical technique, that is widely consid-
ered to be insufficient [29], [36], [37]. Therefore, we use
scaled Schoenfeld residuals, a graphical technique, that
is widely used to verify the Cox Proportional Hazards
assumption [29], [36], [37].

3.6 Approach
3.6.1

The dataset used in our replication study consists of four
large-scale, widely-used software projects (i.e., Chrome,
Eclipse, Firefox and Netbeans). The revision history of
each source code file for each of the four projects was
collected. The data was collected between the date of
the initial commit to each source code repository and
June 24, 2010. A distinct dataset was created for each of
the four projects.

Data Source

3.6.2 Data Extraction

Extract Revision History: We extracted the revision history
for each file in the project. The revision history of a
particular file contains the list of revisions, including
the date and time of the revision and the commit log
message. We also measured the size (i.e., lines of code)
of the file after the revision was made.

Identify Defect Fixes: We identified defect fixes by
searching for the keywords “bug,” “x,” “defect” and
“patch” in the commit log messages of each revision. In
addition to one or more of these keywords, we searched
for a unique numeric identifier (i.e., a defect identifier).
We then cross-referenced the defect identifier with the
issue tracking system (e.g., Bugzilla) to confirm that the
revision was a defect fix.

Transformation to Counting Process Format: The revision
history extracted in the proceeding sub-steps was for-
matted this data in the same manner as Koru et al.,
outlined in Section 3.2.2.

3.6.3 Revision History (Counting Process Format)

Table 6 presents an overview of the four projects in our
dataset. We calculate the total number of 1) source code
files, 2) lines of code, 3) revisions and 4) defect fixes for
each project. Similar information for the KOffice projects
was presented in Table 2 in Section 3.2.3. Table 6 also
presents the date of the first revision for each project.

TABLE 6: Descriptive Statistics for Chrome, Eclipse, Fire-
fox and Netbeans

Project #Files #LOC #Revisions | #Defect- First
Fixes Revision
Chrome 8,034 2,277,598 | 114,019 629 7/26/2008
Eclipse 9,318 1,977,825 | 227,802 33,561 5/2/2001
Firefox 11,697 | 3,478,150 | 270,351 12,166 27/3/1998
Netbeans | 9,760 1,847,668 | 119,725 23,577 5/1/1999
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Fig. 5: Plots of the log-relative hazard against size to identify the link function. The dashed line indicates the 95%
confidence interval. The confidence intervals diverge at the larger end of the scale where there are fewer files.

3.6.4 Model Building

3.6.4.1 Model Calibration

Link function: First, we identify the link function
using the same technique as Koru et al. presented in
Section 3.2.4. Figure 5 shows the relationship between
the log relative hazard and size for Chrome, Eclipse,
Firefox and Netbeans.

Figure 5 clearly shows that the relationship between
the log relative hazard and size is not linear. Therefore,
a link function is required. Similar to Koru et al., our
link function is the natural logarithm. To determine
whether the link function is sufficient to satisfy the Cox
Proportional Hazards assumption (Equation 4), we plot
the relationship between the log relative hazard and the
natural logarithm of size for Chrome, Eclipse, Firefox
and Netbeans. Figure 6 shows this relationship.

We expect to see a linear relationship between the
log relative hazard and the natural logarithm of size if
the Cox Proportional Hazards assumption is satisfied
over the entire size range. However, from Figure 6,
we find that this relationship is not linear. Therefore, a
link function alone is not sufficient to satisfy the Cox
Proportional Hazards assumption and the approach of
Koru et al. is not sufficient to build valid Cox models
for Chrome, Eclipse, Firefox and Netbeans. However, the
reason for this is unclear.

One potential reason may be that the link function
used by Koru et al. (i.e., the natural logarithm) is an
approximation of the actual link function. This approx-
imation may break-down at larger module sizes and
this break-down is exasperated by the presence of much
larger modules. Although we can only validate this
reason by determining the actual link function, which
requires exhaustive evaluation of all possible link func-
tions, we should expect much larger modules in Chrome,
Eclipse, Firefox and Netbeans if this break-down occurs.
Table 7 shows the minimum, median and maximum
module (ie., classes for the KOffice projects and files
for Chrome, Eclipse, Firefox and Netbeans) sizes for the
projects in our replication study.

From Table 7, we find that the maximum module size
in Chrome (73,480), Eclipse (14,450) and Firefox (39,000)
is more than twice as large as the maximum module size
in any of the KOffice projects.

Another potential reason that a link function alone
is not sufficient to satisfy the Cox Proportional Haz-
ards assumption and the approach of Koru et al. was
not sufficient to build valid Cox models for Chrome,
Eclipse, Firefox and Netbeans may be that the size-
defect relationship is influenced by the development
community. Therefore, the link function may also differ
between projects because the development community
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Fig. 6: Plots of the log-relative hazard against the natural logarithm of size to verify the link function. The dashed
line indicates the 95% confidence interval. The confidence intervals tend to diverge at the smaller and larger ends

of the scale where there are fewer files.

TABLE 7: Module size statistics for the KOffice Projects,
Chrome, Eclipse, Firefox and Netbeans

[ Project [ Minimum | Median [ Maximum |
Karbon 4 146 1,280
KChart 7 219.5 6,686
Kexi 4 175 2,858
KFilter 2 201 3,377
Kivio 5 318 1,984
KPresenter 9 457 6,511
Krita 2 126 4,270
KSpread 1 513 6,312
Kugar 5 102 844
KWord 3 399 6,591
Chrome 1 281 73,480
Eclipse 1 279 14,450
Firefox 1 1,341 39,000
Netbeans 1 422 6,462

differs from project to project.

Regardless of the underlying cause, changes to the
approach of Koru et al. are required to satisfy the Cox
Proportional Hazards assumption and build a valid Cox
model. One such change is partitioning. Instead of fitting
a single Cox model over the entire size range, we fit
multiple models by partitioning size into subsets where

the log-relative hazard is piecewise linear. Hence, par-
titioning produces multiple models for a single project,
where each model explains the size-defect relationship
in a subset of the files (i.e., files with a specific file size).
Such an approach to modelling (i.e., building models
on subsets of the files) is becoming more common in
empirical software engineering [38].

Figure 7a shows an example of a non-linear curve and
Figure 7b show how that curve can be partitioned so that
we have two linear subsets. From Figure 7b, we see that
partitioning the curve at 4.0 produces two linear sections.

Each partition must contain enough subjects (e.g.,
files) and events (e.g., defect fixes) to fit a Cox model
because each partition acts as an independent dataset.
In a stratified Cox model, each partition must contain
between 5 and 7 events per stratum [39].

Partitioning size has many advantages over other
techniques (e.g., complex link functions) for dealing with
non-proportionality. First, we can easily interpret the
resulting models, whereas interpretation can become dif-
ficult when complicated link functions are used. Second,
we can specifically test whether the relationship between
lines of code and defect-proneness is constant over the
entire range of lines of code.
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Fig. 7: Partitioning a Non-Linear Curve.

Stratification: Similar to Koru et al., we stratify our
models based on the number of previous defects to con-
trol for the inherent “defect-proneness” of the file. The
specific stratification levels were determined empirically
by 1) examining the distribution of the number of defects
per file across Chrome, Eclipse, Firefox and Netbeans
and 2) testing which stratification levels satisfy the Cox
Proportional Hazards assumption for all Cox models.
Table 8 shows the resulting stratification levels for each
project. Although the specific stratification levels differ
between projects, they do not hamper our interpretation
of the resulting Cox models.

TABLE 8: Stratification Levels for Chrome, Eclipse, Fire-
fox and Netbeans

[ Project [ List of Stratification Levels |
Chrome 0, 1-5, 6+
Eclipse 0,1, 2,34, 56, 79, 10-15, 16-37, 38+
Firefox 0,1,2,3-4, 56,79, 10-17, 18+
Netbeans | 0, 1, 2, 3, 4-5, 6-8, 9-14, 15-30, 30+

3.6.4.2 Model Fitting

Once we have identified the link function, partition
points and stratification levels, we build one or more
Cox models (based on the number of partition points)
for Chrome, Eclipse, Firefox and Netbeans. These models
are summarized in Table 9. Table 9 presents the partition
points (i.e.,, the minimum and maximum file size in
the partition), the coefficient estimate (B), the robust
standard error estimate of 3 and the nonproportionality
test statistic for each model.

From Table 9, we find that anywhere between two
and four models are needed to explain the size-defect
relationship in any one project.

3.6.4.3 Model Verification

Valid Cox models will satisfy the Cox Proportional
Hazards assumption and will not be overly influenced
by any single observation. We verify these two condi-
tions before interpreting the results of their models.

The Cox Proportional Hazards assumption states that
the log-relative hazard between two subjects is linearly
dependent on the difference between their covariate
values and holds for all time. Significant departures from
the Cox Proportional Hazards assumption can invalidate
a Cox model and lead to incorrect conclusions. We
assess the Cox Proportional Hazards assumption using
numerical and graphical techniques.

The numerical technique tests whether size has a
statistically significant interaction with time. We use the
same technique as Koru et al. to test whether 3 has a sta-
tistically significant interaction with time. However, we
use a different transform (i.e., the Kaplan-Meier trans-
form) because the Kaplan-Meier transform is far less
influenced by outliers than the identity transform [40]
that Koru et al. used in their original study [8]. Despite
the usefulness of the nonproportionality test statistic,
the numerical technique by itself is not adequate alone,
because a violation of the Cox Proportional Hazards
assumption does not necessarily invalidate the model
[29], [36], [37]. First, while the interaction of time with
a particular covariate may be statistically significant, the
effect of this nonproportionality on the model may in
fact be small. Second, the nonproportionality may have
been introduced by a small number of overly influential
subjects. To determine if either of these situation is the
reason of the nonproportionality, we must also use a
graphical technique.

The graphical technique requires plotting the scaled
Schoenfeld residuals. The Cox Proportional Hazards as-
sumption is supported by a random pattern of residuals
against time. From Table 9, we find that, for all mod-
els, the nonproportional test statistic does not have a
statistically significant interaction with time (i.e., p >
0.05). Figure 8 shows the scaled Schoenfeld residuals
for Eclipse (similar results were found for Chrome, Fire-
fox and Netbeans). We find that the Cox Proportional
Hazards assumption is supported, because the residuals
show a random pattern against time.
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TABLE 9: Cox Models for Chrome, Eclipse, Firefox and Netbeans

Project min(size) | max(size) B Robust

Standard Error

Nonproportionality
Test Statistic
(p-value)

Interpretation
(Does Defect Density
Increase or Decrease with Size?)

Chrome 1 90
Chrome 90 290
Chrome 290 1525
Chrome 1525 73479

1.17
0.329
0.157
-0.185

0.232
0.131
0.0958
0.224

0.863
0.598
0.581
0.927

Increases
Decrease
Decrease
Decrease

Eclipse 1 52 1.08
Eclipse 52 14448 0.401

0.114
0.0089

0.65
0.0677

Increases
Decrease

Firefox 1 55 2.5
Firefox 55 290 0.216
Firefox 290 38998 0.151

1.26
0.0322
0.0154

0.934
0.167
0.11

Increases
Decrease
Decrease

Netbeans | 1 92 0.445
Netbeans | 92 718 0.288
Netbeans | 718 6463 0.291

0.0723
0.0168
0.0805

0.126
0.054
0.752

Decrease
Decrease
Decrease

Overly influential subjects (files) may skew the coeffi-
cients of the final model and affect the validity of the Cox
Proportional Hazards assumption. We mark these overly
influential subjects for removal in the next iteration of
model fitting.

We use dfbetas residuals to identify and remove overly
influential files. Overly influential files will have dfbetas
values greater than twice the inverse of the square root
of the number of files [41], [42]. Overly influential files
are removed from the dataset and the model is refit
without these files. This is a similar technique that was
used by Koru et al., however, we assess overly influential
files, as opposed to overly influential revisions. We also
remove all outliers, as opposed to manually determining
whether a file is an outlier because this approach is not
biased by human interpretation.

Figure 9 shows the dfbetas residuals for Eclipse. Data
points above the upper dashed line or below the lower
dashed line represent files that are considered outliers
[41], [42].

3.7 Results

Finally, we interpret the size-defect relationship. By
choosing the same link function (i.e., the natural log-
arithm) as Koru et al., we can make the same inter-
pretation regarding the size-defect relationship captured
by a Cox model. The relationship between § and 1)
the number of defects and 2) defect density is shown
in Table 4 in Section 3.3. When multiple partitions are
present, we can make the same interpretation regarding
the size-defect relationship for each partition.

From Table 9, we find that the relationship between
size and defects in the four projects is not consistent.
In three of the four projects we find that defect density
increases in smaller files, peaks in the largest small-
sized files/smallest medium-sized files, then decreases in
medium and larger files. This shows that defect density
has an inverted “U” shaped pattern (i.e., medium-sized
files have a higher defect density than small or large
files). However, this conclusion is not well supported
because 3 and the 95% confidence interval overlap with
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Fig. 8: Scaled Schoenfeld Residuals for Eclipse. The
values in parenthesis indicate the range in the lines of
code for each partition (e.g., the small partition includes
files between 1 and 52 lines of code).
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Fig. 9: Dfbetas Residuals for Eclipse. The values in paren-
thesis indicate the range in the lines of code for each
partition (e.g., the small partition includes files between
1 and 52 lines of code)

two of the interpretation ranges from Table 4 (ie, 0 <
B < 1 and B > 1). For the fourth project, Netbeans,
the size-defect relationship indicates that defect density
continually decreases as file size increases. This is the
same result that was found by Koru et al. in the KOffice
project and in our first research question.

In general, our results do not indicate a well sup-
ported, consistent relationship between size and defects.

We find that the conclusions of Koru et al. are not
generalizable.
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RQ3: WHAT IS THE IMPACT OF USING A DIF-
FERENT DATA FORMULATION?

3.8 Motivation

Koru et al. formulated the modelling of defects in source
code modules as a time-to-event problem and used
survival analysis to study the size-defect relationship.
They found that smaller modules are proportionally
more defect-prone (i.e., the number of defects per line of
code is higher in smaller modules). Koru et al. demon-
strated the power of survival analysis in modelling
defects, however care should be taken when transferring
approaches from other fields to software engineering.
Major differences exist between the traditional domains
of survival analysis and defect modelling.

First, Koru et al. modelled defect fix data, as opposed
to defect introduction data. However, to prioritize soft-
ware quality improvement efforts, software practition-
ers must model when a defect will be introduced, as
opposed to when a defect will be fixed because defect
introductions are the true event of interest. In traditional
defect models, defect fix data is a good approximation
for defect introduction data because all time information
is collapsed when building the model for a particular
point in time, therefore, the time difference between
defect introduction and fix becomes almost irrelevant.
However, survival analysis explicitly takes into account
time information, making it likely that the approxima-
tion of defect introduction by defect fix no longer holds.

Second, Koru et al. modelled events along a continu-
ous time scale (i.e., a defect can be fixed or introduced
at any time). However, defects can only be fixed or
introduced along a discrete time scale (i.e., when a
revision occurs). Software practitioners can modify the
source code at any point in time, however, we can
only observe these changes when revisions are made
to the source code repository. Therefore, defect fixes or
introductions, occur along a discrete time scale. Survival
analysis experts recommend that a discrete time scale
be used when observations can only be made at specific
points in time [10], [11].

Therefore, we formulate a new dataset using a discrete
time-scale that uses defect introductions as the event of
interest.

3.9 Approach
3.9.1 Data Source

The dataset used in our replication study consists of the
same four software projects (i.e., Chrome, Eclipse, Firefox
and Netbeans) as our previous research question.

3.9.2 Data Extraction

Extract Revision History: We extracted the revision his-
tory for each file in the project. The revision history of
a particular file contains the list of revisions, including
the date and time of the revision and the commit log
message. We also measured the size (i.e., lines of code)
of the file after the revision was made.
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Identify Defect Fixes: We used the SZZ algorithm
presented in [43] by Sliwerski et al. to determine which
revisions are defect introducing.

The SZZ algorithm is currently the state-of-the-art al-
gorithm for automatically identifying defect introducing
revisions. First, SZZ identifies defect fixing revisions by
searching for the keywords “bug,” “x,” “defect” and
“patch” in the commit log messages of each revision
and matching defect identifiers in the revisions’ commit
messages to defect reports in the issue tracking system
that are marked as FIXED. Second, each modified code
snippet (fixed code) in a fixing revision is mapped back
to the most recent revision in which it was modified.
Finally, the defect-introducing revisions are identified
based on how much fixed code maps back to these
revisions. Therefore, we are able to identify each revision
as 1) defect introducing, 2) defect fixing or 3) neither.

Transformation to Counting Process Format: The revision
history extracted in the proceeding sub-steps records the
following information for each revision of each file: 1) the
revision number, 2) the size of the file after the revision
was made and 3) a binary indicator for whether this
revision is a defect introduction. We analyzed the history
of each file in the source code repository and created one
observation for each revision of each file. Each individual
observation was composed of the following fields:

1) ID — A unique identifier for each file in the study.

2) Start — The End time of the previous revision plus
one. The Start time of the first revision is set to zero.
A discrete time scale normalizes the time between
two revisions. Regardless of the number of minutes
between two revisions, we always measure one
unit of time.

3) End - The Start time plus one.

4) Event — An indicator (one or zero) of whether this
revision was a defect introducing revision.

5) State — The current stratification level (state) of
the file. Table 11 shows the resulting stratification
levels for each project.

6) Size — The covariate of interest, the number of lines
of code in the file at the Start time (i.e, the file size
after the revision was made).

3.9.3 Revision History (Counting Process Format)

Table 10 presents an overview of Chrome, Eclipse, Fire-
fox and Netbeans. Similar information for the KOffice
projects was presented in Table 2 in Section 3.2.3.

TABLE 10: Descriptive Statistics for Chrome, Eclipse,
Firefox and Netbeans

Project #Files #LOC #Revisions #Defect-
Introductions
Chrome 8,034 | 2,277,598 | 114,019 467
Eclipse 9,318 1,977,825 | 227,802 21,508
Firefox 11,697 | 3,478,150 | 270,351 9,164
Netbeans | 9,760 1,847,668 | 119,725 16,267
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Fig. 10: Plots of the log-relative hazard against size to
identify the link function. The dashed line indicates
the 95% confidence interval. The confidence intervals
diverge at the larger end of the scale where there are
fewer files.
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3.9.4 Model Building

3.9.4.1 Model Calibration

Link function: Similar to our previous research ques-
tion, we identify the link function using the technique
presented in Section 3.2.4. Figure 10 shows the rela-
tionship between the log relative hazard and size for
Chrome, Eclipse, Firefox and Netbeans.

Similar to our previous research question, Figure 10
clearly shows that the relationship between the log rela-
tive hazard and size is not linear. Again, a link function
is required and our link function is the natural logarithm.
To determine whether the link function alone is sufficient
to satisfy the Cox Proportional Hazards assumption
(Equation 4), we plot the relationship between the log
relative hazard and the natural logarithm of size for
Chrome, Eclipse, Firefox and Netbeans. Figure 11 shows
the relationship between the log relative hazard and the
natural logarithm of size for Chrome, Eclipse, Firefox
and Netbeans.

Similar to our previous research question, Figure 11
shows that the relationship between the log relative
hazard and the natural logarithm of size is not linear.
Therefore, a link function alone is not sufficient to satisfy
the Cox Proportional Hazards assumption and, again,
we must also partition size. We used the technique
presented in Section 3.6.4 to identify the partition points.
The solid lines in Figure 11 indicate these partitions
points.

From Figure 11, we find that each project has three
partitions. These partitions can broadly be classified into
small files, medium files and large files. A Cox model
will be fit to each of the three partitions of Chrome,
Eclipse, Firefox and Netbeans (i.e., three Cox models
per project). However, prior to fitting the Cox model
and interpreting the size-defect relationship within each
partition, we must ensure that the models we have fit
are valid models.

Stratification: Similar to Koru et al., we stratify our
models based on the number of previous defects to
control for the inherent “defect-proneness” of the file.
Table 11 shows the resulting stratification levels for
Chrome, Eclipse, Firefox and Netbeans.

TABLE 11: Stratification Levels for Chrome, Eclipse,
Firefox and Netbeans

[ Project [ List of Stratification Levels |
Chrome 0, 1-5, 6+
Eclipse 0,1, 2, 3-4, 5-6, 7-9, 10-15, 16-37, 38+
Firefox 0,1,2,3-4,5-6,79, 10-17, 18+
Netbeans | 0, 1, 2, 3, 4-5, 6-8, 9-14, 15-30, 30+
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Fig. 11: Plots of the log-relative hazard against the nat-
ural logarithm of size to verify the link function. The
dashed line indicates the 95% confidence interval. The
confidence intervals tend to diverge at the smaller and
larger ends of the scale where there are fewer files.
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TABLE 12: Cox Models for Chrome, Eclipse, Firefox and Netbeans

Project min(size) | max(size) B8 Robust Nonproportionality Interpretation
Standard Error Test Statistic (Does Defect Density
(p-value) Increase or Decrease with Size?)
Chrome 1 116 1.66 0.145 0.968 Increases
Chrome 116 1097 0.371 0.0865 0.917 Decreases
Chrome 1097 51386 -1.33 0.442 0.433 Decreases
Eclipse 1 70 1.62 0.0891 0.597 Increases
Eclipse 70 148 0.388 0.0816 0.866 Decreases
Eclipse 148 14448 0.0878 | 0.0165 0.558 Decreases
Firefox 1 89 1.82 0.201 0.921 Increases
Firefox 89 403 0.114 0.0503 0.879 Decreases
Firefox 403 38998 -0.0141 | 0.0294 0.477 Decreases
Netbeans | 1 35 1.74 0.686 0.708 Increases
Netbeans | 35 245 0.614 0.035 0.108 Decreases
Netbeans | 245 6463 0.0675 0.0218 0.260 Decreases

3.9.4.2 Model Fitting

Once we have identified the link function, partition
points and stratification levels, we build one or more
Cox models (based on the number of partition points)
for each of the projects in our dataset. These models are
summarized in Table 12. Table 12 presents the partition
points (i.e.,, the minimum and maximum file size in
the partition), the coefficient estimate (3), the robust
standard error estimate of 3 and the nonproportionality
test statistic.

From Table 12, we find that three models are used to
explain the size-defect relationship in any one project.
These partitions broadly correspond to small files,
medium files and large files.

3.9.4.3 Model Verification

Valid Cox models will satisfy the Cox Proportional
Hazards assumption and will not be overly influenced
by any single observation. We verify these two condi-
tions before interpreting the results of our models.

We assess the Cox Proportional Hazards assumption
using the nonproportionality test statistic and the scaled
Schoenfeld residuals. From Table 12, we find that, for
all models, the nonproportionality test statistic indicates
that 3 does not have a statistically significant interaction
with time (i.e.,, p > 0.05). This is evidence that the Cox
Proportional Hazards assumption is satisfied.

However, Koru et al. failed to properly verify the Cox
Proportionals Hazards assumption. Koru et al. used the
nonproportionality test statistic, a numerical technique,
that is widely considered to be insufficient [29], [36],
[37]. Therefore, we also use scaled Schoenfeld residuals,
a graphical technique, that is widely used to verify the
Cox Proportional Hazards assumption [29], [36], [37].

To confirm that the Cox Proportional Hazards assump-
tion is satisfied, we plot the scaled Schoenfeld residuals.
Figure 12 shows the scaled Schoenfeld residuals for
Firefox (similar results were found for Chrome, Firefox
and Netbeans). From Figure 12, we find that the Cox
Proportional Hazards assumption is supported, because
the residuals show a random pattern against time.

We identify overly influential subjects (files) for re-
moval in the next iteration of model fitting using dfbetas
residuals. Figure 13 shows the dfbetas residuals for
Firefox (similar results were found for Chrome, Eclipse
and Netbeans). Points above the upper dashed line or
below the lower line represent files that are considered
outliers [41], [42].

3.10 Results

Finally, we interpret the size-defect relationship. From
Table 12, we find that defect density increases in smaller
files then decreases in medium and larger files. This
conclusion is well supported because 3 and the 95% con-
fidence intervals of the small partitions of each project
are greater than one, while /3’ and the 95% confidence
intervals of the medium and large partitions of each
project are less than one. Therefore, defect density has
an inverted “U” shaped pattern (i.e., medium-sized files
have a higher defect density than small or large files).

We find that defect density has an inverted “U”
shaped pattern (i.e., medium-sized files have a
higher defect density than small or large files).

4 DISCUSSION

The work of Koru et al. has been instrumental in the
software engineering research community’s recent un-
derstanding of the size-defect relationship [7]-[9]. There-
fore, in this paper, we have replicated the “theory of
relative defect proneness” [8]. We have also re-evaluated
the “theory of relative defect proneness” by 1) reformu-
lating the problem to better reflect the problem of defect
modelling and by 2) properly validating the underlying
assumptions of the Cox Proportional Hazards model.
Table 13 provides a summary of our three research
questions and briefly describes our main findings. In
particular, Table 13 outlines the differences between our
three research questions and the original study by Koru
et al. (our first research question is an exact replication
of the original study).

Copyright (c) 2014 |EEE. Personal use is permitted. For any other purposes, permission must be obtained from the IEEE by emailing pubs-permissions@ieee.org.



Thisisthe author's version of an article that has been published in this journal. Changes were made to this version by the publisher prior to publication.
The final version of record isavailableat http://dx.doi.org/10.1109/T SE.2014.2361131

20

©
5
o | o et e 8 =
o o o k<]
5 e - A 5
& T £
o - e o
34
9 3
T T T T T T T T T T T T T
10 19 28 3 36 40 45 53 0 1000 2000 3000 4000
Time Index
(a) Small Partition (1-89LOC) (a) Small Partition (1-89LOC)
2
o~ S
8
- =]
8 8 TSR Sdmne s SERRERE Oaoa ) C oy CoadiOd adtd
B | B8, o #0000 0,00 a0 B0 % g | SRR BN oD e
5 © - (RSt o8 e o B RRA S : °
g ‘g o | B USRI ET R o 8T Yy
3 g 5
-4 i
=
¥ 7
? 4 i
T T T T T T T T T T T T T T T
45 12 18 27 35 48 6 110 0 1000 2000 3000 4000 5000 6000
Time Index
(b) Medium Partition (89-403LOC) (b) Medium Partition (89-403LOC)
=+ |
© - =
<« 4
g g o
%) o ©
g « g
5 5
g _|8Raaiachiga; £
T O H e e e e e e e a < |
m B-3 5 ©
(\Il -
o
< ‘DI 1
-
«l’ T T T T T T T T T T T T T T
28 64 "noo1e 24 33 45 73 0 500 1000 1500 2000 2500
Time Index
(c) Large Partition (403-38998LOC) (c) Large Partition (403-38998LOC)
Fig. 12: Scaled Schoenfeld Residuals for Firefox. Fig. 13: Dfbetas Residuals for Firefox.
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RQI

RQZ2

RQ3

Case Study
Subjects

KOffice projects

Chrome
Eclipse
Firefox
Netbeans

Chrome
Eclipse
Firefox
Netbeans

Data
Formulation

Defect fixes
Continuous time-scale

Defect fixes
Continuous time-scale

Defect introductions
Discrete time-scale

Model
Calibration

Link function (natural logarithm)
Stratification by the number of
previous defects

Link function (natural logarithm)
Partitioning by file size
Stratification by the number of
previous defects

Link function (natural logarithm)
Partitioning by file size
Stratification by the number of
previous defects

Model
Verification

Nonproportionality test statistic
(identify transform)
Dfbetas residuals

Nonproportionality test statistic
(Kaplan-Meier transform)

Scaled Schoenfeld residuals
Dfbetas residuals

Nonproportionality test statistic
(Kaplan-Meier transform)

Scaled Schoenfeld residuals
Dfbetas residuals

Results

Defect density is highest in
smaller files and decreases with
file size

The size-defect relationship was
not consistent across Chrome,
Eclipse, Firefox and Netbeans

Defect density has an inverted
“U” shaped pattern (i.e., medium-
sized files have a higher defect
density than small or large files)
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5 THREATS TO VALIDITY
5.1 Threats to Construct Validity

Threats to construct validity describe concerns regarding
the measurement of our metrics.

The number of defects in each source code file was
measured by identifying the files that were changed in a
defect fixing revision. Although this technique has been
found to be effective [44], [45], it is not without flaws. We
identified defect fixing changes by mining the commit
logs for a set of keywords (i.e., “bug,” “fix,” “defect”
and “patch”). Therefore, we are unable to identify defect
fixing revisions (and therefore defects) if we failed to
find a specific keyword, if the committer misspelled
the keyword or if the committer failed to include any
commit message. We are also unable to determine which
source code files have defects when defect fixing modifi-
cations and non-defect fixing modifications are made in
the same revision. However, such problems are common
when mining software repositories [46].

The data used in our third research questions (i.e.,
Chrome, Eclipse, Mozilla and Netbeans) was extracted
from the source code repository of each project and the
SZZ algorithm was used to identify defect introducing
changes. Although the SZZ algorithm is currently the
best algorithm for automatically identifying defect intro-
ducing changes, it is likely that not all of the defect fixing
changes were mapped to defect introducing changes.

5.2 Threats to Internal Validity

Threats to internal validity describe concerns regarding
alternate explanations for our results.

Our second and third research questions were ad-
dressed using file-level data (i.e., we modelled defects at
the file-level), whereas the original study by Koru et al.
used class-level data [8]. However, from Table 7, we find
that the median class sizes in the KOffice projects and the
median files sizes in Chrome, Eclipse, Firefox and Net-
beans are similar. This is to be expected as most files have
only one class. Therefore, measures of size at the class-
level are comparable to those at the file-level. Further,
Koru et al. have used the same approach to studying the
functional form of the size-defect relationship (i.e., the
approach we replicated in Section 3) with both class-level
and file-level measures of size [47]. The authors found
the same size-defect relationship regardless of whether
class-level or file-level measures of size were used to
build their models. Therefore, we do not believe that
using file-level, as opposed to class-level, measures of
size has impacted our results.

The results of our replication study, as well as the
results of all survival analysis studies, depend upon how
we satisfy the Cox Proportional Hazards assumption
(i.e., the link functions and stratification levels). The nat-
ural logarithm link function simplifies our interpretation
of the 3 coefficients in our models (i.e., the functional
form of the size-defect relationship), however, that does
not necessarily indicate that it is the best link function.

22

We stratified our models across the number of previous
defects, however, we may have failed to stratify our
models across all confounding factors. Finally, we man-
ually specified the partition ranges based on the plots of
link functions, however, it is possible that we have not
made the best choice of partition points.

5.3 Threats to External Validity

Threats to external validity describe concerns regarding
the generalizability our results.

The studied projects represent a small subset of the
total number of software projects available. We have also
limited our replication study to open-source projects.
Therefore, our results may not generalize to other
projects, in particular closed-source projects. Although
our replication study included a relatively small num-
ber of projects, we attempted to mitigate this issue by
choosing a diverse set of projects. In particular, we chose
projects from different domains (web browsers and in-
tegrated development environments) with different end
users (software developers and consumers).

6 CONCLUSIONS

Our paper presented a replication study of the work
of Koru et al. In particular, we paid close attention
to the role of event selection (i.e.,, modelling defect
introductions as opposed to defect fixes) and time scale
specification (i.e., discrete time as opposed to continuous
time scales) in determining the size-defect relationship.
Although survival analysis has shown to be a promising
approach to modelling defects, care should be taken
when formatting defect data for such analysis. Our
second and third research questions, demonstrate how
using different formulations of defect data impact the
results of a Cox model.

Interestingly, our findings show that defect density
has an inverted “U” shaped pattern (i.e., defect density
increases in smaller files, peaks in the largest small-
sized files/smallest medium-sized files, then decreases in
medium and larger files). This is the opposite of the
Goldilocks principle, which states that the medium-sized
files have the lowest defect density [24].

Our findings generally agree with the results of Koru
et al., who found that defect density decreases as module
size increases. Although we found that this relationship
holds in medium and large-sized modules, we found
that defect density increases in small modules as module
size increases, whereas Koru et al. found that defect den-
sity always decreases as file size increases. Our results
arise from interpreting Cox models after rigorously ver-
ifying that they satisfied the Cox Proportional Hazards
assumption.

In the future, we intend to further explore the size-
defect relationship by using finer grained partitions to
pinpoint where defect density peaks. In our current
work, we have found that defect density peaks in
medium-sized files, however, we do not know exactly
where this peak occurs.
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