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Abstract

We have been investigating different prediction models
to identify which files of a large multi-release industrial
software system are most likely to contain the largest num-
bers of faults in the next release. To make predictions we
considered a number of different file characteristics and
change information about the files, and have built fully-
automatable models that do not require that the user have
any statistical expertise. We now consider the effect of
adding developer information as a prediction factor and as-
sess the extent to which this affects the quality of the predic-
tions.

1 Background

We have been using negative binomial prediction mod-
els [20, 21, 4] to identify which executable files of a large
multi-release industrial software system are most likely to
contain the largest numbers of faults in the next release. By
identifying files that are likely to be particularly problem-
atic in the next release, we can help software testers priori-
tize their testing efforts. This should in turn allow them to
find faults more efficiently, and perhaps give them time to
do more testing than would otherwise be possible. In addi-
tion, if we can alert developers to likely problematic files,
this might help them determine which files were the best
candidates for rearchitecting.

The three case studies, cited above, showed that our
models were able to make quite accurate predictions for sys-
tems having different characteristics. The models identified
20% of the files predicted to contain the largest numbers
of faults. For two of the systems, these files contained, on
average, 83% of the faults. For the third system, the per-
centage of faults included in the identified files was approx-
imately 75%. However, considering that this system did not
have regularly scheduled releases, a basic assumption for

the technology, the predictions for it were surprisingly ac-
curate.

In this short paper we investigate whether the addition of
information about the number of software developers who
have changed a file can further improve the accuracy of fault
prediction. We know of only one previous study, by Mockus
and Weiss [15], which has investigated similar variables.
That study demonstrated a relationship between faults and
the experience of developers with the system, but no rela-
tionship with the number of developers. Our analysis shows
that having more developers touch a file was associated with
more faults in subsequent releases, even holding fixed the
number of changes.

2 Our Previous Fault Prediction Findings

We based our prediction methodology on a preliminary
study [19] that looked at which characteristics of a large
software system were most closely associated with files that
turned out to be particularly fault prone. All of the fac-
tors considered were objectively assessable characteristics
of the file including the number of thousands of lines of
code (KLOCs) in the file, the file’s age, the system’s matu-
rity in terms of the overall number of releases to date, and
the language in which the file was written. We also included
the file’s recent history of faults and changes.

In each study, we used negative binomial regression [14]
to model the number of faults in a file during a particular
release. The combination of a file and release serves as the
unit of analysis for our model, using a linear combination
of the explanatory variables. This models the logarithm
of the expected number of faults. We used Version 9.1 of
SAS [24]. More information on how this methodology was
applied to a different system during an earlier case study
can be found in [4].

We typically used our models to identify the 20% of
the files predicted to contain the largest numbers of faults.
Table 1 shows the results for these three studies. There
has been some question as to whether making and using
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System Number of Releases Years KLOC Pctg Faults Identified
Inventory 17 4 538 83%
Provisioning 9 2 438 83%
Voice Response - 2+ 329 75%

Table 1. System Information for Case Study Subjects and Percentage of Faults in Top 20% of Files

such predictions are cost-effective activities. Arisholm and
Briand [2] argued that if the percentage of faults included
in the selected files or other entities is less than or roughly
equal to the percentage of lines of code included in the files
identified as being fault-prone, then fault prediction is not
worth the effort.

Although we believe that it is questionable that the cost
of testing is directly proportional to the size of a file, espe-
cially if using black-box testing techniques, we note that
for all of the case studies we performed, the percentage
of lines of code included in the files were always substan-
tially smaller than the percentage of faults identified (see,
e.g., [21]. In addition, if black-box testing techniques are
being used, it seems reasonable to assume that assessing
the cost effectiveness based on the percent of files versus
the percent of faults is, in fact, the most accurate way of
making that assessment.

We recently began studying a fourth system for a new
case study [25]. This system is particularly interesting be-
cause it was written by a different international company
than the earlier three subject systems. This allowed us to
see whether the prediction results for this system are sim-
ilar to the ones observed for the three earlier systems even
though there is a different corporate culture and presumably
different design, development and testing paradigms. In ad-
dition, this is a very mature system with 35 releases and
roughly nine years of field exposure.

For this project, a maintenance support system, we ob-
served results that were very similar to our earlier results.
In particular, the 20% of the files identified by the model as
being ones likely to account for the largest numbers of faults
contained, on average, 81% of the faults identified during
system testing. We note that for all of the systems studied
to date, the vast majority of all faults were observed during
some stage of testing prior to the release of the system to
the field.

The maintenance support system used the same commer-
cially available integrated version control/change manage-
ment system as was used by the systems we studied previ-
ously. This requires documentation of any change made to
the system in a modification request (MR).

By extracting information from MRs, we based our pre-
dictions on objectively assessable factors including file size;
whether the file was new to the system in the current release;
the number of faults the file had in earlier releases; the num-
ber of changes made to the file in previous releases; and the

programming language in which the file was written.
The models developed for the systems for which we

made predictions in earlier case studies were customized us-
ing observations of these factors during the first few releases
of the system. In this study, however, our goal was to de-
velop a fully-automatable model based on what we learned
during earlier studies. Therefore, we adapted the models
used in previous studies by extracting data from the main-
tenance support system in an automatic way, as would be
done by a tool being built for use without human interven-
tion.

We assessed four distinct models for the maintenance
support system having different degrees of automatability.
They ranged from fully specified formulas based entirely
on what we learned from our three earlier case studies, to an
entirely customized model. Interestingly we found that an
intermediate model which is pre-specified with coefficients
estimated from data for the current system using negative
binomial regression yielded the best overall results, even
better than the fully customized model [25]. We were able
to estimate these coefficients using our experience gathered
during our earlier studies [21, 4]. From this experience we
were able to determine which characteristics were likely to
be of greatest importance.

More specifically, in this model, the coefficients to pre-
dict Release N depend on a model fit to Releases 2 to (N-1).
We decided to exclude Release 1 from our modeling be-
cause it differed substantially from later releases. In partic-
ular it lasted twice as long as the norm and although there
were many file changes, there were only 22 changes that
we identified as being faults. In addition, very little system
testing occurred during Release 1, which might explain the
small numbers of faults detected. These differences might
cause its use to be unrepresentative of later releases and
therefore it was excluded.

3 The Influence of Developers

Perhaps the question most commonly asked when we
have presented talks about this work has been whether we
considered information about the developers among the
predictive factors. The reasoning is that it is easiest to
make reliable changes to code if the developer is familiar
with the complete history of a file’s functionality and code
changes. Therefore, we might expect more faults to result



from changes by developers who are new to working on a
file or who share responsibility with other developers.

3.1 Developer Metrics

Because the control/change management system iden-
tifies the developer who input each change, we are able
to track both the number of developers who made recent
changes and whether those developers had made changes
previously. Unfortunately, we could not reliably identify
the developer(s) responsible for the initial file creation. In
particular, we derived the following three metrics:

� The number of developers who modified the file during
the prior release.

� The number of new developers who modified the file
during the prior release.

� The cumulative number of distinct developers who
modified the file during all releases through the prior
release.

Note that the first two metrics are only positive for files
with at least one change in the prior release, and the second
may be zero even for those file-release combinations. Be-
cause the negative binomial regression model controls for
changes in the prior release (specifically, the square root of
the number of changes) [25], these two metrics are designed
to improve prediction for changed files.

Figure 1 shows the distribution of the cumulative num-
ber of developers after 20 releases (about five years) for 526
files that reached that point. The mean number of develop-
ers was 3.54, but values varied greatly and the distribution
was very skewed. 19% of files were never changed, so their
cumulative developer counts were zero. Of changed files,
about one half had one or two developers. However, 10%
of changed files have ten or more developers, with the max-
imum reaching 31.

Figure 2 shows that the mean of the cumulative number
of developers grew rather steadily with the number of re-
leases. The reason is that for files with changes at a release,
generally about 60% were touched by at least one new de-
veloper (see Figure 3). Indeed, the declining growth rate
over time in the mean cumulative number of developers was
due entirely to an even sharper decline in the proportion of
files with any changes as files matured.

About 30 percent of files changed at any given release
were touched by more than one developer (without regard
to whether the developers were new to the file). Figure 4
shows this proportion as a function of a file’s age.

3.2 Results

We evaluated the predictive power of the developer met-
rics using data from the maintenance support system. Start-
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Figure 1. Histogram of Cumulative Number of
Developers after 20 Releases
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Figure 2. Mean Cumulative Number of Devel-
opers, by File Age
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Figure 3. Proportion of Changed Files with
Multiple Developers, by File Age
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Figure 4. Proportion of Changed Files with at
Least One New Developer, by File Age

ing from the best negative binomial regression model for
that system, we added the developer metrics singly and in
various combinations. The other explanatory variables in
the model were: log(KLOC); number of previous releases
in the system, categorized as 0, 1, 2-4, or 5 plus; square
roots of the numbers of changes in the previous release,
changes two releases ago, and faults in the previous release;
dummy variables for selected programming languages; and
dummy variables for each previous release [25]. To account
for the skewness of the developer metrics, each was trans-
formed by taking the square root. Regressions were fit with
one observation per file-release combination for Releases 2
through N, for N = 6, 10, 18, 26, and 34.

In general, relationships with the developer variables
were strongest for data including Release 18 or later. For
each of the three samples extending through Release 18 or
later, all three developer metrics had positive, statistically
significant coefficients when included as the only developer
metric. In general, the strongest relationship was with the
cumulative number of developers, followed by the number
for the prior release. After including those two variables,
the number of new developers was never significant.

Table 2 shows the joint impact of the two best developer
metrics on our predictive accuracy measure. As in [25], we
divide releases into groups of five and report the percent-
age of faults contained in the top 20% of files. The next
to last row shows mean values for the model both with and
without developer metrics, over all releases from Release 3
through Release 35. Because the developer metrics were
most strongly related to faults at later releases, we also in-
clude the mean values for both versions of the model over
Releases 6 through 35. We see that the inclusion of the num-
ber of developers modifying files does improve the accuracy
of the prediction, but only slightly.

4 Related Work by Other Groups

In recent years there has been a growing interest in
fault localization and predictive models. Many of the pa-
pers are similar in nature to our preliminary study [19]
and identify properties of software entities that seem to
be closely associated with fault-prone code. These in-
clude [1, 3, 7, 8, 10, 11, 16, 17, 19, 22].

Several research groups have also developed models that
do some sort of prediction of such things as the locations,
the probability, or the quantity of faults or some related
characteristic that will occur in a software system at some
future time [2, 6, 9, 12, 13, 15, 18, 23].

None of the above-cited papers, however, describes re-
sults that have the same goal as ours: to identify files likely
to contain the largest numbers of faults in the next release
of a system [20, 21, 4]. Some of the closely related research
is described in this section.

The paper by Mockus and Weiss [15] is the most rele-
vant to this paper, because they studied the relationship be-
tween faults and four developer variables. They constructed
a model to predict the probability that changes made to a
system in response to an MR would cause a failure in the
resulting system. They studied a large telephone switch-
ing system with ten years worth of data and used 15,000
MRs to design their model. They used logistic regression to
construct their model, and instead of predicting which files
are most likely to contain faults as we did, they predicted
whether or not a given change will cause a failure. Besides
developer variables, the characteristics they used included
the size of the change; the number of distinct files, mod-
ules, and subsystems that were touched by the change; and
the time duration needed to complete the change. They did
not assess how accurate their model’s predictions were. The
four developer variables included three measures of devel-
oper experience: an overall measure, a measure of recent
experience, and a measure of experience for the specific
subsystem. The fourth developer variable was a count of
the number of developers involved in completing an MR.

Only one of Mockus and Weiss’s four developer
variables–the overall experience measure–was statistically
significant. More experience was associated with fewer
problems in the future. However, their developer count, the
measure most comparable to any of ours, was not statis-
tically significant. Even though there is some overlap be-
tween their developer metrics and ours, there are enough
differences in both the metrics and the overall study designs
to potentially account for any differences in findings.

In [2], the authors created a prediction model to be used
to aid testers. They designed their model for a particular
moderate-size Java system that had about 110 KLOC. Al-
though they had 17 releases available, they used data from
only three of these releases, and using stepwise logistic re-



Release Number W/O Developers With Developers
3-5 55 49

6-10 78 79
11-15 71 73
16-20 84 86
21-25 89 88
26-30 90 91
31-35 92 92

Mean for all Releases 81.3 81.7
Mean for Rel 6-35 83.9 84.9

Table 2. Percentage of Faults in Top 20% of Files, by Model for the Maintenance Support System

gression, they made predictions for just one future release.
For each of the four systems we have studied to date, we
made predictions for each of the successive releases, not-
ing how the prediction accuracy changed as the system ma-
tured. They did not use developer information in making
their predictions.

Graves et al. [9] also performed research that was closely
related to ours. Their study used a large telecommuni-
cations system that they followed for approximately two
years. They first identified module characteristics closely
associated with faults, similar to our preliminary work de-
scribed in [19]. Using these findings, they built several pre-
diction models to determine the number of faults expected
in the next version of a module. Their models did not in-
clude developer information. Instead they relied entirely
on the fault history of the system, working at the module
level, which is far coarser than the file level that we worked
at. Their system had 80 modules, containing approximately
2500 files. More details about the differences between our
work and this paper are described in [4].

Denaro and Pezze [6] used logistic regression to con-
struct their prediction models. Using sets of static soft-
ware metrics, they constructed potential models. They se-
lected the most accurate models based on how closely each
model came to correctly determining all of the system’s
most fault-prone modules. Their models were not as accu-
rate as ours, and they did not use developer information to
define the models. Their work was based on data collected
from Apache version 1.3 and evaluated on Apache version
2.0. They reported that their best models required 50% of
the identified modules to be included in order to cover 80%
of the actual faults. As mentioned above, for three of the
four systems we studied, the model we used identified 20%
of the files containing, on average, at least 83% of the actual
faults. Even for the voice response system where we had to
use synthetic releases, the 20% of the files identified by our
model contained 75% of the faults.

In [13], Khoshgoftaar et al. described a way of using bi-
nary decision trees to classify software modules as being

either fault-prone or not fault-prone. A module was con-
sidered fault-prone if it contained at least 5 faults. They
used a set of 24 static software metrics as well as four ex-
ecution time metrics, but none that related to developers.
They considered four releases of an industrial telecommu-
nications system, using the first release to build the tree and
the remaining three releases for evaluation. They measured
success based on misclassification rates. More details about
this work and its relevance to ours is included in [4].

Succi et al. [23] used software size as well as object-
oriented metrics proposed in [5] to identify fault-prone
classes. They did not include developer information. They
considered a number of different models to make predic-
tions for two small C++ projects (23 and 25 KLOCS). For
one of the projects, 80% of the total faults were contained in
less than 30% of the classes, and for the other project 80%
of the faults were reportedly in 2% of the classes. For each
of the different models they tried, classes they predicted to
contain 80% of the faults ranged between 43% and 48% of
all classes. Although the goal of that paper is closely related
to our work, there are important differences. The subjects
of their study were smaller than 10% of the size of the sys-
tems that were subjects of our studies. While we looked at
many successive releases for each system, they appear to
have used a single interval, and their predictions seem to be
significantly less accurate than ours.

In summary, the only other related paper that we are
aware of that used developer information is [15], and the
goal of their predictions was different from ours.

5 Conclusions

We modified our earlier prediction model to include
number of developers that made changes to each file both
in the prior release and cumulatively. We applied this new
model to a very mature maintenance support system that
had been in the field for over nine years and 35 releases.
We observed that without the developer information, a com-
pletely automatable model was able to correctly identify



20% of the files containing, on average, 83.9% of the faults
in the system starting with Release 6. When the developer
information was included, we found that this rose to 84.9%
of the faults.

Since our goal is to implement a fully-automatic tool that
can do both the data extraction portions of this work and
the prediction portions, and since the developer information
can be automatically extracted from the MR database, this
is very encouraging.

We intend to continue our implementation efforts and
case studies to validate the usefulness of our models includ-
ing the newly identified factor, developers making changes.
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