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ABSTRACT

An important step in predicting error prone modules in a
project is to construct the prediction model by using train-
ing data of that project, but the resulting prediction model
depends on the training data. Therefore it is difficult to ap-
ply the model to other projects. The training data consists
of metrics data and bug data, and these data should be pre-
pared for each project. Metrics data can be computed by us-
ing metric tools, but it is not so easy to collect bug data. In
this paper, we try to reuse the generated prediction model.
By using the metrics and bug data which are computed from
C++ and Java projects, we have evaluated the possibility of
applying the prediction model, which is generated based on
one project, to other projects, and have proposed compen-
sation techniques for applying to other projects. We showed
the evaluation result based on open source projects.

Categories and Subject Descriptors

D.2.8 [Software Engineering|: Metrics—complezity mea-
sures, product metrics

General Terms

Measurement, Experimentation

Keywords

error prone, metrics, inter language prediction, open source

1. INTRODUCTION

Various quality prediction methods based on metrics, es-
pecially fault prediction methods, are proposed and their
comparison is reported [22, 8], especially fault prediction
methods, but most of these methods require learning, espe-
cially if good prediction is needed. They predict some qual-
ity factor by using parameter and/or decision trees, which
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are generated with learning process, so training data is needed
and each prediction model depends on that training data,
that is, on used domain, environment, and languages. As
a result, it is difficult to reuse these models for other do-
main, environment, or languages. For example, COCOMO
[9], the representative effort prediction model, proposed ef-
fort prediction models, but it requires several customizing
factors, and these factors may be obtained from the past
similar and/or the same projects. As a result, it is difficult
to predict about a new software project, and in ordinary case
prediction will be done for a new release based on the past
release of the same project. Several researches [14, 13, 16,
15, 18, 19] considered intra project and/or cross company
prediction, but the prediction result is not so good com-
paring with inter project prediction. In almost researches
the prediction scheme is reused as-is and no adaptation is
considered.

If some adaptation of prediction schemes based on metrics
is applied, it becomes possible to apply the prediction model
acquired from one project to another project and accuracy
will be improved. Such adaptation will use only metric data,
and these data can be computed automatically by using
some metric tools. For the case of effort prediction, some
general factors are proposed, but for quality prediction, no
such factors and/or adaptation methods are proposed. Pre-
vious researches [23] only show the possibility of as-is intra
project and cross company reuse.

In this paper, we consider the inter language model reuse
for error proneness prediction. We show the ordinal predic-
tion flow in Figure 1. In error proneness prediction, we use
the pair of source code metric data and bug data as training
data. Test data is metric data of the project whose error
proneness is to be predicted. Training data is derived from
project A and test data from project B. In intra project pre-
diction, project B is a succeeding release of project A, but
in inter project prediction, project A and project B are re-
leases of different projects. Source code metric data can be
computed automatically by using metric tools, but bug data
need to be computed based on data of version control sys-
tems and/or bug tracking systems, and it is costly and the
result is imprecise, so if reuse based on the training data of
other projects becomes possible, it becomes easier to predict
error prone modules.

Our hypotheses to be researched are as follows:

e Hypothesis 1: The relation between metrics and qual-
ity is different from each other in languages.
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Figure 1: Error Prediction By Using Mining Schema

e Hypothesis 2: It is possible to achieve inter project
reuse of error proneness prediction models.

We have evaluated the above hypotheses by using open
source projects. For this purpose, we have selected two
projects from sourceforge.net [5] whose domain and size are
similar, but languages used are different.

In Chapter 2, we describe about the characteristics of the
target projects and the sampling method, and in Chapter
3 we show the intra project prediction result. In Chapter 4
we show the inter project prediction result and the proposed
compensation method, and validate hypothesis 1 and 2. We
show the novelty of our method by considering related re-
searches in Chapter 5. In Chapter 6, we evaluate our result
and describe the availability of our compensation method
and future problems.

2. MINING SCHEMA AND OBJECTIVE
APPLICATIONS

In order to validate the above hypotheses we need at least
two projects whose target domain and size are similar but
only the languages are different, so we selected from source-
forge.net [5] the following two projects and three releases for
each project:

e Sakura Editor [3]

1. sakura_R1.3.0.0 (2002)
2. sakura_R1.5.0.0 (2005)
3. sakura_R1.6.2.0 (2007)

o JEdit [1]

1. jEdit_4-0-final (2002)
2. jEdit_4-2-final (2004)
3. jBdit_4-3-prel2 (2007)

The target domain is text editor. We show the character-
istics of each project in Table 1. The LOC and the num-
ber of files are based on the past releases (sakura_R1.3.0.0,
jEdit_4-0-final). There is large difference in the number of
developers, and the number of files of jEdit is twice as many
as that of Sakura Editor(249 v.s. 538), but LOC is sim-
ilar (131,275 v.s. 169,107), so we have selected these two
projects as our target.

Our objective is to predict the error prone files based on
metric data, so we need metric data and bug data. Source
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code can be obtained from sourceforge.net. The metric data
needs to be computed based on the same method, so we used
the metric tool family, Understand for C and Understand for
Java [4]. These tools compute 63 metrics and we selected
the following eight metrics including C&K object oriented
metrics [20].

o WMC(Weighted Methods per Class)

e DIT(Depth Inheritance Tree)

e NOC(Number Of Children)

e CBO(Coupling Between Object Classes)
e RFC(Response For Class)

e LCOM(Lack of Cohesion Metric)

e NPM(Number of Public Methods)

e LOC(Line Of Code)

We computed the number of bugs by using SVN reposi-
tories of each project as follows:

1. We identified the past release point, that is release in
2002 for each project.

2. We got the log data from that point to current (2007)
for each file (java file or C++ file) in the projects by
using log subcommand of svn command. We excluded
header files in C++.

3. We searched the word (bug or fixed) and counted the
frequency of appearances.

We did not check bug IDs defined in Bugzilla bug tracking
system available for each project, but we check the effective-
ness of this approximation method by random sample in-
spection. We checked several logs manually and ascertained
that the existence of the words “fix” or “bug” means some
kind of bug correction. On the other hand we only found few
Bugrzilla IDs. To be precise we computed the number of bug
fix and not the number of bug. Metric data and bug data
collection process is summarized in Figure 2. The metrics
data is computed based on the source files of one release and
the bug data is computed based on the log data between two
releases.

SVN process
jEdit_4-0-final jEdit_4-3-prel2
or or
sakura_R1.3.0.0 sakura_R1.6.2.0

SVN log sample
Metrics Calculation

bug/fixed counting

script
‘ Metrics data ) Bug Data ’

Figure 2: Extraction of the number of Bugs

We closely investigated the project data and found the fol-
lowing problems, and resolved these problems approximately
as follows:



Table 1: Characteristics of the Used Projects

| Project Name | The number of Developers | Used Language | Start Year [ LOC | The number of Files |
Sakura Editor 14 C++ 2000 131,275 249
jEdit 144 Java 1999 169,107 538

e In C++, one file may include several classes and there
are several header files. We considered only the files
which include class definition. Bugs are counted per
file, so if one file includes plural classes, then we as-
signed that bug count to each class equally.

In Java, one file includes only one public class, but
private classes and inner classes may be included. Bug
count is computed per file and bug count per class is
not computed, so we assigned that bug count to the
public class.

We collected data based on the above approximation, and
did classification experiments. At first we show the statisti-
cal data for bugs in Table 2 and 3. These data are computed
based on the releases shown in Figure 2. As shown in Table
2, the number of bugs and the number of classes are different
between Sakura Editor and jEdit. Table 3 shows the distri-
bution of the bug count. The number of files which include
more than one bugs are about thrice of the number of files
which include no bug.

Table 3: The distribution of the bug count
| project name | 0 | 1-5 [ 6-10 | 11-inf |
Sakura Editor | 33 | 38 4 5

jEdit 66 | 142 | 24 38

Table 4 shows the correlation coefficient between met-
rics used and the number of bugs (Metrics data are based
on jEdit 4-0-final and Sakura R1.3.0.0 and bug data are
based on jEdit (4-0-final to 4-3-prel2) and Sakura (R1.3.0.0
- R1.6.2.0). These values are similar to the correlation coef-
ficient in PROMISE data base [2], so we consider that it is
possible to predict error proneness by using these data.

Table 5 shows the average of each metric based on jEdit
(4-3-prel2) and Sakura (R1.6.2.0). There are distinctive dif-
ferences between these two metrics, but it is not obvious
whether these differences are general or peculiar to these
projects, and further analysis based on other projects are
needed.

We have used the data mining tool Weka [6] to infer a
prediction model, that is, binary classification scheme. We
treated the existence of bug in each CLASS as TRUE, and
the nonexistence as FALSE, and neglected the number of
bugs, so we used the precision and recall defined based on
TRUE value. The prediction is classified as the following
four categories:

e It is true data and classified as true (TP)
e It is true data, but classified as false (FN)
e It is false data, but classified as true (FP)

o It is false data, and classified as false (TN)
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Then, precision and recall will be computed as follows:

e The precision is the ratio of the number of files inferred
as having positive bug count that has really positive
bug count and the number of files inferred as having
positive bug count
precision = TP/(TP + FP)

The recall is the ratio of the number of files inferred as
having positive bug count that has really positive bug
count and the number of files that really have positive
bug count

recall = TP/(TP + FN)

From the error prone prediction point of view, recall is
more important than precision. A value close to one in recall
means that almost all files which are error prone are iden-
tified. We evaluated the result by using recall, but showed
the both values.

3. INTRA PROJECT BUG PREDICTION

At first we did intra project prediction experiments by
using the same release. In Weka several algorithms can be
used and we used landmark decision tree algorithm C4.5.

As shown in Figure 2, in order to use Weka for prediction,
we need training data and test data, but we only collected
metrics from one release, so we used stratified 10-fold cross
validation method. We show the prediction result in Table
6(a).

Table 6: Intra Project Prediction 1

Project name | Precision | Recall
as-is data (a)
Sakura Editor 0.733 0.702
jEdit 0.828 0.897
balanced data (b)
Sakura Editor 0.659 0.630
jEdit 0.981 0.765

Our objective is to infer the error prone modules (files),
and the existence of bug is represented as TRUE, so we used
the precision and recall values based on TRUE value. Table
6(a) shows the result of experiments by using the as-is data.
It shows good prediction, especially in jEdit, and shows the
possibility of intra project error proneness prediction. As
shown in Table 3, the number of TRUE, that is, the number
of files which include more than one bug, is not equal with
the number of FALSE, that is, the number of files which in-
clude no bug. It is about thrice. In general this unbalancing
strengthens the effect of data whose count is larger, so we
modified data to be balanced and tried the same experiment.
We show the result in Table 6(b). In both projects, precision
is improved, but recall is decreased. It is because precision
depends mainly on FALSE value, on the other hand recall



Table 2: Statistical Data for Bugs

| Project Name | the number of bugs | Average | Standard derivation | Maximum | Minimum | The number of classes |

Sakura Editor 556 4.71

11.21

73 0 118

JEdit 2852 6.15

15.87

193 0 463

Table 4: Correlation Coefficient Between Metrics And the Number Of Bug

WMC | DIT NOC | CBO | RFC | LCOM | NPM | LOC
Sakura Editor | 0.223 | -0.259 | -0.025 | 0.252 | 0.174 | 0.303 | 0.346 | 0.234
jEdit 0.120 | 0.037 | -0.011 | 0.268 | 0.107 | 0.210 | 0.150 | 0.157

depends mainly on TRUE value. In this prediction, recall
is more important than precision, so balancing has no clear
effects.

Next we did true the intra projects prediction as shown
in Figure 3 and showed the result in Table 7. Training data
and test data are based on the different releases of the same
projects. The recall values are smaller than the case of Table
6, especially in jEdit. We have not yet analyzed the reason.

Table 7: Intra Project Prediction 2
| Project name | Precision | Recall |
Sakura Editor 0.375 0.818

jEdit 0.575 0.598

4. INTER PROJECT BUG PREDICTION

We found that our data can predict the error prone files
within own projects, but recall is not so good. We next
do experiments in order to evaluate the possibility of in-
ter project (in our case inter language) prediction using the
same data set.

At first we evaluated whether there is significant difference
between these two metric data. As shown in Table 4 and 5,
these values have differences. We validated the difference
by using classification techniques. We try to classify these
two datasets (the dataset for sakura consists of metrics data
and the literal “sakura”, and the dataset for jedit consists of
the metrics data and the literal “jEdit”) by using the C4.5
method and got over 90% precision values, that is, over 90%
of dataset are classified correctly as “sakura” or “jEdit”, so
we conclude that there is significant difference between these
two data and the hypothesis 1 is validated.

Table 8: Inter project prediction
Training project | Test Project | Precision | Recall
as-is data (a)

Sakura Editor jEdit 0.872 0.402

jEdit Sakura Editor 0.622 0.596
Compensated data (b)

Sakura Editor jEdit 0.842 0.549

jEdit Sakura Editor 0.625 0.745

Next we did inter language prediction experiments, and
show the result in Table8(a). In this case, the training data
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is collected from Sakura Editor (jEdit) and the test data is
collected from jEdit (Sakura Editor). These results show
the possibility of inter language reuse, especially in the case
of jEdit to Sakura Editor (the recall value is 0.817). In this
case the recall value is larger than the case of within project
reuse.

Next we consider the adaptation of this model. There are
two possibilities of this adaptation:

e Metrics compensation: To adjust the test data.

e Model schema adaptation: In C4.5, generated schema
is decision tree, so each judgment factor may be adapted.

In this paper, we only tried the first approach. As shown
in Table 5, the averages of each metric value are different
from jEdit to Sakura Editor, so we thought that these val-
ues need to be normalized. We considered the following
compensation method: we suppose that we try to predict
error prone files of project A by using the training data of
project B, then the test data will be compensated as follows:

(each compensated metric value of project A) =
(each metric value of project A) * (average value
of that metric of project B) / (average value of
that metric of project A)

The compensated values become similar to the learning
data, so the availability must be increased. We show the
prediction result based on these compensated data in Table
8(b). Both precision and recall are improved, especially,
recall is improved so much (in the case of jEdit to Sakura,
the recall value is 0.983), so this compensation is effective.
As a result, the hypothesis 2 is validated.

5. RELATED RESEARCHES

There are several hundred papers about effort prediction
[12]. In effort prediction, language based factor is proposed
and used for the adaptation of the prediction model, for
example in COCOMO [9]. Metrics are used not only for
effort prediction but for quality prediction, for example, er-
ror prone module prediction [7, 22, 11, 21, 17, 18, 23, 10].
Basili, etl [7] showed the possibility of error prone module
prediction by using C&K metrics. Their target language
is C++ and they pointed out the necessity of researches for
other languages. On the other hand Subramanyam [21] eval-
uated the error prone prediction for C++ and Java project.
They indicated the difference of each metric. Menzies [17]
also evaluated the error proneness for C and Java projects.



Table 5:

Average of Each Metric

WMC | DIT | NOC | CBO | RFC | LCOM | NPM | LOC
Sakura Editor | 17.70 | 0.36 | 0.39 5.06 26.84 57.22 10.14 | 576.21
JEdit 10.94 | 2.27 | 0.71 | 13.40 | 155.00 | 46.18 7.33 | 196.53
jEdit_4-0-final jEdit_4-2-final jEdit_4-3-prel2
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sakura R1.3.0.0 - sakura R1.5.0.0 - sakura R1.6.2.0
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Figure 3: Intra Projects Error Prediction 2

These researches have shown the possibility of error prone
prediction for each language and the necessity of different
treatment for each language, but do not evaluate the pos-
sibility of prediction model reuse. In this paper we have
shown the possibility of this reuse. Nagappan [18] evaluated
the possibility of inter project reuse of error prone prediction
and negated the possibility.

On the other hand, there are several researches about inter
project reuse or cross-company effort prediction [14, 13, 16,
15] and defect prediction [18, 19]. MacDonell [14] showed
the possibility of inter company reuse of an effort prediction
model, and Zimmermann [23] showed the possibility of inter
version reuse of defects prediction for Eclipse.

6. CONCLUSIONS

We did inter language prediction experiments for error
proneness and have gotten the following results:

e In the case of similar domain and similar size, it is pos-
sible to reuse the prediction model between languages,
but precision/recall is not so high.

e Compensation based on metric value is effective, and
it improves the recall value.

e Reuse direction has much effect on recall values.

Past researches considered only how to improve the preci-
sion/recall for intra project prediction [10]. In order to con-
struct prediction model, training data is needed, and that
training data consists of the data of independent variables
and that of dependent variables. In error prone prediction,
independent variables represent source code metrics and de-
pendent variable represents bug count, but the collection of
bug count is not so easy and it needs some time span for
bug collection. If reuse becomes possible, then needed data
are only metric data and the availability of these prediction
models will increase. In this paper we show the possibility
of such reuse. Our result based on only two projects, so
the generality is not clear. Our final goal is to construct
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general error proneness prediction model shown in Figure
4, which includes domain/language dependent compensa-
tion methods and factors. We need to do further researches
considering the following problems in order to realize this
model.

e The reason of impact of reuse direction on recall values
(from A to B is good, but B to A is bad) needs to be
cleared and we consider some resolving method.

e In order to generalize our method, we will evaluate
by using other projects whose domain is editor, and
evaluate the reusability of prediction models.

e We only considered metric compensation (compensa-
tion 1 in Figure 4), but prediction schema may be com-
pensated (compensation 2 in Figure 4). We used de-
cision tree scheme, so we can adapt the decision tree
parameter. We will consider schema adaptation.
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