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ABSTRACT

Two different software fault prediction models have been
used to predict the N% of the files of a large software sys-
tem that are likely to contain the largest numbers of faults.
We used the same predictor variables in a negative binomial
regression model and a recursive partitioning model, and
compared their effectiveness on three large industrial soft-
ware systems. The negative binomial model identified files
that contain 76 to 93 percent of the faults, and recursive
partitioning identified files that contain 68 to 85 percent.

Categories and Subject Descriptors: D.2.5 [Software
Engineering]: Testing and Debugging — Diagnostics

General Terms: Experimentation

Keywords: empirical study, software testing, fault predic-
tion, negative binomial, recursive partition

1. INTRODUCTION

We have presented results of fault prediction models de-
signed to facilitate efficient software testing for multiple large
industrial systems [4, 19]. The predictions, based on nega-
tive binomial regression models trained with readily avail-
able data from prior releases, are used to identify files deemed
likely to have the most faults in the next release. The mod-
els have been quite effective—typically identifying 20% of
files that contain upwards of 80% of faults.

We have often been asked whether alternatives to negative
binomial regression (NBR) might improve predictive accu-
racy. NBR, a form of generalized linear model for count
data [14], models the logarithm of the expected count as a
linear function of the predictor variables. The thinking goes
that NBR imposes restrictions of both linearity and additiv-
ity, and there is ample evidence in the world that complex
systems do not always obey simple models.

In this paper, we begin to investigate that issue by ex-
ploring fault prediction using the method of recursive par-
titioning (also known as regression trees), which explains
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variation in outcomes by building a tree based on successive
binary splits, each on a single predictor variable. Recur-
sive partitioning (RP) allows a very flexible set of models
with nonlinear and nonadditive relationships. We compare
prediction accuracy of RP with that of NBR for three large
subsystems of a new industrial system. Although these three
software susbsystems are different from those presented in
our earlier work cited above, the focus of this paper is on
the impact of the modeling methodology.

2. OUR PREVIOUS FAULT PREDICTION
WORK

Table 1 displays the size and age of the three software sys-
tems studied previously. Each system had been in continu-
ous use for between two and four years, and each contained
hundreds of thousands of lines of code at the latest available
release.

The negative binomial models used to predict
fault-likelihood for these systems were based on factors such
as the file size; whether this is the first release in which a
file appeared; the number of faults in earlier releases; the
number of changes to the file in previous releases; and the
programming language in which the file was written.

The last column of Table 1 provides an indication of the
effectiveness of the models used for each study, averaged
over all releases of a system. In particular, we have con-
sidered the percentage of actual faults that were contained
in the 20% of the files identified by the models as likely to
contain the largest numbers of faults. The table indicates
that these models have been quite effective. In each case,
the targeted files contained from 75% to 83% of the faults,
averaged across releases. In all three systems, fault occur-
rence followed a Pareto-like distribution, with a relatively
small percentage of files accounting for all the faults. For
example, in releases 2-17 of the Inventory system, 100% of
the faults were always contained in fewer than 20% of the
files, and after release 10, all the faults were in fewer than
10% of the files. Details of these studies are available in [19]
for the inventory and provisioning systems and in [4] for the
voice response system.

There is surprising consistency among the results for these
studies. Although the results for the voice response system
are slightly less accurate than we observed for the inventory
and provisioning systems, they are still surprisingly good.
The negative binomial regression model may have yielded
less accurate results for this system because its development



[ System [ No. of Releases | Years | KLOC [ % Faults in 20% Files |
Inventory 17 4 538 83%
Provisioning 9 2 438 83%

Voice Response - 24 329 5%

Table 1: Information for Empirical Studies

paradigm was different from the one for which the models
were developed. The voice response system did not use a
regular release schedule, which is fundamental to our pre-
diction method, but instead used a “continuous release” ap-
proach. A fuller discussion of this issue is included in [4].
In [20], we studied whether a model with a pre-specified
set of predictor variables could perform as well as a cus-
tomized model designed explicitly for a given subject sys-
tem. Because the prespecified model slightly outperformed
the customized one, we use it for assessing negative binomial
regression in this paper.

3. OTHER PREDICTION WORK

Two main types of fault prediction goals have been studied
in the literature. The first type aims at predicting whether
or not a code entity such as a file or module will contain
any faults in the next release. In this case every entity is
categorized as either likely to be faulty or not, with no differ-
entiation between how bad the faulty ones will be. Examples
of research that fall into this category include [2, 11, 12].

The goal of the second type of research is to identify the
entities most likely to contain the largest numbers of faults
and sort them into decreasing order of numbers of predicted
faults. Groups that have worked on this variant of prediction
research include [6, 22] in addition to our research described
in [4, 19, 20].

In addition to fault prediction, there has been a substan-
tial amount of preliminary work that attempted to identify
the properties of entities most closely associated with enti-
ties containing faults or the ones with the highest numbers
of faults or highest fault densities. Papers describing this
sort of research include [1, 3, 7, 8, 9, 10, 16, 17, 18, 21].

Of special note to this paper are studies that utilized ma-
chine learning methods for fault prediction. These include
[13] and [15], which used forms of recursive partitioning, and
[9], which fit random forest models.

4. ALTERNATIVE MODELS

This section describes the two models under comparison
in this paper. For each model, predictions for Release N are
based on training data from releases 1 to (N-1), with one
observation per file for each release included in the training
period. The dependent variable for each observation is the
number of faults observed for the file during the particular
release.

4.1 Negative Binomial Regression

All of our previous prediction modeling has used negative
binomial regression (NBR), which models the logarithm of
the expected number of faults as a linear combination of the
predictor variables. The model’s linearity assumption limits
the number of parameters to be estimated, thereby reducing
the chances of overfitting on training data and simplfying in-
terpretation of the resulting model. At the same time, this

assumption reduces the flexibility of NBR to fit more com-
plicated relationships with nonlinear patterns or interactions
(i.e., bivariate relationships that depend on the value of a
third variable).

Specifically, let y; equal the number of faults observed in
file 7 and x; be a vector of characteristics for that file. NBR
specifies that y;, given z;, has a Poisson distribution with
mean A;. To allow for additional dispersion compared with
Poisson in the distribution of the number of faults for each
file, the conditional mean of y; is given by A; = %eﬁlzi,
where ~; is itself a random variable drawn from a gamma
distribution with mean 1 and unknown variance o2 > 0.
The variance o2 is known as the dispersion parameter. The
regression coefficients 8 and the dispersion parameter o2
were estimated by maximum likelihood [14], using the MASS
package of the R library [23].

4.2 Recursive Partitioning

Recursive partitioning (RP) constructs a binary decision
tree to partition training observations with the goal of pro-
ducing leaf nodes that are each as homogeneous as possible
with respect to the value of the dependent variable. The RP
algorithm begins by splitting the entire set of observations
into two nodes, based on a binary cut of a single predictor
variable. The predictor variable and cut are chosen to max-
imize the reduction in the total sum of squared errors for
the two resulting nodes. Additional steps—each using the
same criterion to split a single node based on cutting a sin-
gle predictor variable—continue until a stopping criterion is
satisfied. The prediction for any observation, in either the
training data or a new data set, equals the mean of the de-
pendent variable in the training data for the corresponding
node.

In theory, recursive partitioning can produce very flexible
models. Using successive splits on a single variable, the
method can build very nonlinear relationships. By default,
RP tends to build models with high order interactions. If
anything, the hardest models for RP to generate may be
linear ones like those imposed by NBR.

We fit the RP models for this paper using the rpart pack-
age [24] in R. This implementation of recursive partitioning
limits the growth of trees primarily through three parame-
ters. The rpart model fitting function will not split any node
with fewer than minsplit observations and will not perform a
specific split that creates a node with fewer than minbucket
observations. We used the default values of minsplit = 20
and minbucket = 7. In addition, the model will not perform
a split on a node if the R-square value of the tree that results
from the split is not reduced by at least the value of the cp
parameter. Setting cp to smaller values increases the final
tree size, and also increases the computation time to create
the final tree. We evaluated cp values ranging from 0.01
down to 0.00001 (see below). We did not do any pruning of
the resulting trees.
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Figure 1: Number of Faults and Percentage of Faults in Top 20% of Files, by Release Number for System A

S. SUBJECT SYSTEMS

We performed three empirical studies to compare the ef-
fectiveness of using recursive partitioning versus the nega-
tive binomial regression model. Each study used a different
stand-alone subsystem of a very large business maintenance
system. We will refer to them as System A, System B,
and System C. We studied 35 releases of Systems A and
B, which represented approximately nine years in the field.
System C was begun during the 10th release of the other sys-
tems; our study of System C covers 26 releases over roughly
seven years. Each of the systems was large—containing a
maximum of 668, 1413, and 584 files, respectively, and 442
KLOCs, 384 KLOCs, and 329 KLOCs during the final re-
lease studied.

The top portion of Figures 1, 2, or 3 shows the number of
faults that were actually detected in each release of Systems
A, B, and C, respectively. Generally, these faults were found
after a failure was observed during system test. Very few
faults were identified once the system was released to the
field for customer usage. For each system, the number of
faults varied widely across releases—f{rom 5 or fewer to about
120 or 130. The average number of faults per release was
48, 39, and 53 for Systems A, B, and C, respectively.

6. RESULTS
6.1 Examples of Each Type of Model

Table 2 shows results of the negative binomial regression
model fit to 13,366 observations from Releases 1 to 26 of Sys-
tem A (sample chosen arbitrarily). Several predictor vari-
ables were transformed (logarithm or square root) to reduce
skewness and to improve the fit. All predictors other than
dummy variables for languages and releases (not shown)
were very statistically significant. The greatest number of
faults is associated with larger files, newer files, and files
with recent changes or faults. These results generally agree
with those observed for systems studied previously [4, 19].

Figure 4 displays the tree fit to data for Releases 1 to 26
of System A, using a value of ¢p = 0.01. The first split was
based on the number of faults in the prior release. Files
with three or fewer faults (13,305 of 13,366 observations
in the training data) fell to the left, while files with four
or more faults in the prior release (61 observations) fell to
the right. Subsequent splits were based on lines of code,
prior faults (again), prior changes (twice), programming lan-
guage (twice), and file age. For numeric splitting variables,
the split was based on an ordinal cut. In contrast, for the
nominal variable programming language, the split involved
dichotomizing the list of categories. For example, the no-
tation ”prog_lang=Dbgj” at the furthest right split indicates
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Figure 2: Number of Faults and Percentage of Faults in Top 20% of Files, by Release Number for System B

that files programmed in the second, seventh, and tenth lan-
guages (ordered alphabetcially) fell to the left with all others
falling right.

A total of eight splits were made, resulting in nine termi-
nal nodes. The number below each node equals the mean
number of faults in the training set for that node. Those
numbers are used for subsequent predictions.

Even with eight splits, the far left node (mean = 0.04687)
contained 95.0% of the training data because no split was
able to improve the overall R-square by the c¢p criterion of
0.01 or more. Decreasing the cp parameter allowed the tree
to continue growing. Using successively smaller values of c¢p
= 0.005, 0.001, 0.0005, and 0.0001 produced trees with 15,
45, 74, and 171 nodes.

6.2 Comparison of Predictive Accuracy

To make a fair comparison of predictive accuracy for neg-
ative binomial regression versus resursive partitioning, we
needed to investigate how large to set cp for the latter
method. We tested value of ¢p = 0.01, 0.005, 0.001, 0.0005,
0.0001, and 0.00001 for all three systems.

In general, decreasing cp in order to build larger trees im-
proved our measure of predictive accuracy, up to a point. As
illustrated above, using cp = 0.01 tended to leave too many
files in a single node, leading to inadequate discrimination

around the cut point demarcating the top 20% of files (we
use linear interpolation to account for the fact that RP does
not break ties within nodes for determining the top 20% of
files). For two of three systems, cp = 0.0005 identified the
greatest percentage of faults, averaged across releases, and it
was second to cp = 0.001 for the third system. Performance
degraded for ¢p = 0.0001 and below suggesting substantial
overfitting.

The lower portions of Figures 1 to 3 compare predictive
accuracy of NBR and RP for the three systems. The figures
display for each release, starting with the third, the percent-
ages of faults included in the 20% of the files predicted to
contain the largest numbers of faults, using each prediction
method. For RP, all results are based on using cp = 0.005.

The figures show that NBR generally outperformed RP
on this measure for all three systems. Although results were
certainly not uniform across releases for any of the systems,
almost all substantial differences favored NBR.

Table 3 summarizes our findings in terms of unweighted
averages over all releases for the two different prediction
models. These averages favor NBR by between 4.4 and 8.6
percentage points. However, we note that much of these
differences are due to very large shortfalls for RP on a small
number of releases that often have very few faults.
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Figure 3: Number of Faults and Percentage of Faults in Top 20% of Files, by Release Number for System C

7. CONCLUSIONS

For each of the three large industrial systems we studied
in this paper, the predictive accuracy of recursive partition-
ing was noticeably inferior, on average, to that of negative
binomial regression. A contributing factor may have been
insufficient tuning of the model fitting procedure. However,
we doubt that the shortfall associated with RP could be
overcome by tweaking either the model (e.g., alternatives
like C4.5) or specific parameters. Instead, to the extent that
relationships are stable across the range of other predictors,
recursive partitioning is an inefficient method for estimating
those relationships.

A more promising alternative may be random forests,
which averages across an ensemble of trees (RP models) fit
to perturbations of the original data [5]. This methodology
may work better for fitting linear and additive relationships,
while maintaining the flexibility of recursive partitioning,
where needed. We plan to evaluate random forests and see
how they compare to the results obtained by using negative
binomial regression and recursive partitioning models.
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Figure 4: Sample Recursive Partition for Releases 1-26 for System A, using cp = 0.01



