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Abstract: Open source software are adopted as embedded 

systems, server usage because of quick delivery, cost reduction 
and standardization of systems. Many open source software are 
developed under the peculiar development style known as bazaar 
method. According to this method, faults are detected and fixed by 
developers around the world, and the fixed result will be reflected 
in the next release. Also, the fix time of faults tends to be shorter as 
the development of open source software progresses. However, 
several large-scale open source projects have a problem that faults 
fixing takes a lot of time because the faults corrector cannot 
handle many faults reports quickly. In this paper, we aim to 
identify the fix priority of newly registered faults in the bug 
tracking system by using random forest, and we make an index to 
detect the faults that require high fix priority and long fault fixing 
time when faults are reported in specific version of open source 
project. The index is derived and identified by using open source 
project data obtained from bug tracking system. In addition, we 
try to improve the detection accuracy of the proposed index by 
learning not only the specific version but also the fault report data 
of the past version by using random forest considering the 
characteristic similarities of faults fix among different versions. 
As a result, the detection accuracy has highly improved 
comparing with using only specific version data and using logistic 
regression. 

Keywords: Open source software, fault identification, random 
forest, software effort, fault big data  

I. INTRODUCTION 

Source codes of open source software are freely available 

for use, reuse, fix and re-distribution by the users. Many open 
source software is known for their high performance and 
reliability although they are free of charge. Also, many IT 
companies often develop the open source software as 
commercial use. In particular, open source software is 
developed in the bazaar method [1], the source code is 
implemented in public through the Internet, and the design 
and implementation of software is promoted by an 
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unspecified number of users and developers. The bug tracking 
system is also known as one of the systems used to develop 
open source software. Many fault information such as fix 
status, their details, and fix priorities are registered through 
the bug tracking system. Although open source software has 
been actively developed and used in recent years, there are 
problems in promoting open source projects. There are over 
100 faults reported per a day in massive open source projects 
[2]. Massive open source projects have a large number of fault 
reports. Then, it is difficult to quickly fix the faults [3,4].  

From the above problems, several researchers have been 
published papers to predict the fault fixing time for open 
source projects. For example, there are several papers in 
terms of the prediction whether the fault fixing time will end 
within a specific time [5,6,7]. However, there are no research 
paper in terms of the fault identification method considering 
the change of fault fixing environment in the open source 
project, e.g. fault fixing priority, number of fault occurrences 
and number of faults fixing assignees. In this paper, we 
discuss the prediction methods of faults that should be fixed 
preferentially in newly reported faults in open source projects 
by using the random forest and available data obtained from 
the bug tracking system. In addition, we discuss the 
improvement of prediction accuracy and use logistic 
regression analysis for comparison. This paper also shows 
several numerical examples by using real fault big data 
obtained from the bug tracking system. 

II.  RELATED RESEARCH 

In massive open source projects, there is a problem that the 
fault fixing time is prolonging. It is necessary to prevent the 
fault fixing time from prolonging [8,9], because the open 
source software is socially important software. There are 
several previous researches focus on the fault fixing and 
reporting times by using the bug tracking system. In the 
software development using a bug tracking system, it is 
necessary to consider the priority and severity of fault in order 
to report the fault. However, there is research reports that the 
high priority faults do not have a significant effect on fault 
fixing time, while several high severity faults tend to 
contribute to shortening fault fixing time [3,10]. 

In this paper, we focus on a new index called "fix priority" 
by considering the fault fixing time and fault severity. We also 
evaluate newly reported faults associated with the previously 
fixed faults with fix priority. 
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III. FAULT IDENTIFICATION METHOD 

CONSIDERING HIGH FIX PRIORITY 

The purpose of this paper is to identify the serious fault.  
This serious fault is more serious than newly reported fault 
with fix priority. Therefore, the fault data for identification is 
used as the test data.  

Then, the learning data is the fault data used for 
comparison. The process of identification of fix priority is 
follows: 
1. We make an evaluation index by using fault fix time and 

fault severity obtained from bug tracking system. 
2. We make label “High” or “Low” to the evaluation index in 

terms of the value of the evaluation index. 
3. We use the random forest to predict High and Low in test 

data. The using data for prediction is obtained from bug 
tracking system. 

The details of proposed method are following section. 

A. Evaluation Index 

We propose the measure as fix priority using the fault 
fixing time and severity of learning and test data as follows: 

 
where i is the fault number, and severity is the fault severity. 

Also, the i-th fault data in Eq.  (1) is the test data, and the 
others are learning data. In the other words, the fix priority of 
one data is predicted using i-1 data. In particular, severity is 
registered when a fault is registered in the bug tracking system, 
and the range of possible values is 1 to 5. Table Ⅰ shows the 
values of the severity changed from qualitative index for 
deriving Ti in this paper. Also, t is a normalized value of the 
fault fixing time for i-th fault data. Then, the standardized 
value of t is given as follows: 

 
where ti is the fault fixing time for i-th fault. Especially, the 
maximum and minimum values at tstandard_i are the values used 
in the i-1 learning data. 
 

Table Ⅰ The scored fault severity. 
Priority Severity Score

P1 Blocker 5

P2 Critical 4

P3 Major 3

- Normal 2.5

P4 Minor, Enhancement 2

P5 Trivial 1  

B. Labelling with Evaluation Index 

We can label the learning and test data in terms of High or 
Low based on the value of the evaluation index Ti  created 
with i fault data. In this paper, we assume three patterns in 
terms of the labelled learning and test data as follows: 

1) if μ ≤ Ti  then High else Low 
2) if μ + σ ≤ Ti  then High else Low  
3) if μ + 2σ ≤ Ti  then High else Low  

where μ is the mean value of i fault data, and σ the standard 
deviation. In particular, High means that the fixing time of 
fault is long, and its severity is high in the i fault data. Also, we 
can judge that faults recognized as High under condition 3) 
are serious condition in all of the fixing time and severity, 
because the criteria for High is the most severe of the three 
condition. Then, we should fix the fault identified as High as 

soon as possible. Then, we predict these labels by using 
random forest and logistic regression. 

C. Prediction Method with Random Forest 

In this paper, we use the random forest to predict High and 
Low in test data. The random forest is a method of group 
learning using regression trees [11]. We show the scheme of 
random forest in Fig.1. The Repeated random sampling 
(reconstruction extraction) is performed on the data set for the 
model construction. Then, the multiple regression trees are 
created from the obtained sample group. The final prediction 
result is obtained by the majority of the output in each 
regression tree. In the conventional group learning, all 
explanatory variables are used in the model construction. 
Then, the selected randomly explanatory variables are used in 
the method of random forest. 
   In this paper, we use two types of learning data and compare 
their accuracy. One is the case that only the version containing 
the test data (the current version) is used as learning data. The 
other case is that both the past and current versions are used as 
learning data, because the distribution of the value of index Ti 
is similar to other versions. 
 

 
Fig. 1 Scheme of random forest. 

 
 In learning case of the past versions, we only include the 
faults that have been identified to be High in the learning data. 
As shown in Fig. 2, the number of data to be learned equals to 
the number of learning data in the current version. 
 

 
Fig. 2 Learning data with past version. 

 

D. Input Data as the Explanatory Variable 

 As shown in Table Ⅱ, we have used the data obtained from 
the bug tracking system as 
explanatory variables. 
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 In particular, the variables of Component, OS, Reporter, 
Hardware and Assignee are converted to the appearance rates 
in order to use as the learning data. Also, the range of possible 
values for Priority is 1 to 5. 

 
 
 
 

Table Ⅱ Input data as explanatory variable. 
Explanatory Variable Scale Description

Component ratio scale Component name where the fault occurred

Words Count of Summary ratio scale Number of words of detailed information in the reported fault

OS ratio scale Operating Sytem where the fault occurred

Weekday nominal scale Fault report day (weekday, weekend)

Reporter ratio scale Developer name who reported the fault

Type nominal scale Content of the fault report(fault,Enhancement)

Opened Interval interval scale Elapsed days since last fault report

Opened Month interval scale Month the fault was reported

Hardware ratio scale Hardware on which the fault occurred

Opened (day) interval scale Elapsed days since the first fault was reported

Priority nominal scale Fix priority for reported fault 

Assignee ratio scale Developer name who fixed the fault  
 

Table Ⅲ Accuracy of the prediction model for OpenStack[12] and Eclipse[13] project. 

Recall Precision F1 measure Recall Precision F1 measure

μ 0.583 0.467 0.519 0.386 0.320 0.350

μ+σ 0.165 0.235 0.194 0.160 0.203 0.179

μ+2σ 0.048 0.065 0.055 0.037 0.062 0.046

μ 0.558 0.430 0.486 0.325 0.288 0.305

μ+σ 0.182 0.149 0.164 0.162 0.167 0.164

μ+2σ 0.193 0.035 0.060 0.070 0.035 0.047

μ 0.724 0.438 0.546 0.593 0.283 0.383

μ+σ 0.456 0.176 0.254 0.294 0.163 0.210

μ+2σ 0.198 0.036 0.060 0.064 0.047 0.054

μ 24.15% -6.30% 5.17% 53.80% -11.50% 9.60%

μ+σ 176.62% -25.06% 31.11% 84.18% -19.45% 17.59%

μ+2σ 310.00% -44.93% 9.31% 72.97% -24.52% 16.53%

μ 29.73% 1.83% 12.34% 82.46% -1.60% 25.51%

μ+σ 150.86% 17.78% 54.85% 81.47% -1.93% 27.88%

μ+2σ 2.50% 0.47% 0.78% -8.57% 32.99% 15.49%

Eclipse

A) Random forest

using only current version

B) Logistic regression

C) Random forest

using current and past version

Improvement rate from A) to C)

Improvement rate from B) to C)

threshold
OpenStack

IV. NUMERICAL ILLUSTRATIONS 

In order to evaluate the performance of the proposed method, 
we focus on version 17 of OpenStack [12] and versions 4.7 of 
Eclipse [13] in this paper. Each data set is obtained from a bug 
tracking system, Bugzilla operated by the Apache Software 
Foundation. Also, we use 2284 fault report data for each 
version in OpenStack, and 1800 fault report data for each 
version in Eclipse. In this paper, 200 learning data are used 
for preparing one test data. In order to predict the value of Ti  
after the first 200 fault data, we move the learning data and the 
test data one by one as shown in Fig. 2. 

A. Model Evaluation Criteria 

In this paper, we use Recall, Precision, and F1 measure 
[14] as evaluation criteria. Recall means the proportion of 
correctly predicted faults among the faults identified as High. 
Also, Precision is the proportion of correctly predicted faults 
among the High predicted faults. In this paper, we use the F1 

measure, which is the harmonic mean of Recall and Precision 
as the evaluation criterion. In particular, we can use F1 

measure to consider the balance between Recall and 
Precision. The F1 measure is defined as 

 
  All three evaluation criteria take the range [0,1]. The 
prediction accuracy is high if this value becomes large, and 
the prediction accuracy is low if this value becomes small. 

B. Prediction Results 

Table Ⅲ shows the accuracy of the prediction model using 
random forest and logistic regression for the Eclipse and 

OpenStack projects. There are two types of learning data in 
case of using random forest, i.e., the first case is using the 
current version and the other case is using the current and past  
versions. Moreover, these results show the mean value in 10 
times calculations.  

Table Ⅲ shows that the value of Recall is almost improved 
by learning both the current version and the past version in 
both OpenStack and Eclipse. On the other hand, in both cases, 
the value of Precision is almost becoming worse, but the value 
of F1 measure is improved. In conclusion, we have found that 
it is better to use the past version as well as the current version 
for learning data. 

Also, we list the variable importance of the prediction model 
using random forest with the highest F1measure and the 
threshold μ, μ+σ, and μ+2σ in Tables Ⅳ, Ⅴ and Ⅵ, 
respectively. Moreover, we list in Tables Ⅳ, Ⅴ, and Ⅵ as the 
variable importance, respectively. Then, we have learned 200 
 

Table Ⅳ Variable important threshold μ.  

1- 501- 1001- 1501- 1- 501- 1001- 1501-

Component ratio scale 9.413 11.329 12.637 9.389 8.212 10.299 14.504 9.993

Words Count of Summary ratio scale 10.123 11.795 10.474 14.735 4.605 9.037 9.858 11.180

OS ratio scale 17.637 4.463 7.476 6.498 7.210 8.562 10.203 6.304

Weekday nominal scale 0.155 0.964 1.029 0.598 0.261 0.717 0.976 1.101

Reporter ratio scale 8.672 13.379 8.709 11.196 8.930 9.719 9.783 11.872

Type nominal scale 0.565 0.026 0.133 3.595 1.198 0.605 0.635 0.568

Opened Interval interval scale 15.942 18.848 17.232 11.773 13.371 14.670 14.149 10.210

Opened Month interval scale 15.659 16.356 16.808 11.473 5.789 5.615 3.541 15.776

Hardware ratio scale 15.072 10.083 7.504 8.180 8.071 12.108 13.239 8.838

Opened (day) interval scale 30.698 32.835 38.634 29.332 47.035 25.780 35.889 33.477

Priority nominal scale 5.777 8.373 5.577 7.809 0.056 1.475 0.447 0.400

Assignee ratio scale 9.413 9.967 11.500 11.292 5.761 9.187 8.863 12.229

explanetory variable scale
OpenStack Eclipse
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Table Ⅴ Variable important threshold μ + σ. 

1- 501- 1001- 1501- 1- 501- 1001- 1501-

Component ratio scale 4.570 7.794 6.791 5.539 4.981 4.247 8.239 9.897

Words Count of Summary ratio scale 4.172 7.942 7.836 8.320 1.141 5.758 5.753 7.296

OS ratio scale 10.235 4.199 3.831 6.455 5.000 6.258 9.225 4.116

Weekday nominal scale 0.424 0.616 0.829 1.508 0.312 0.417 0.473 1.457

Reporter ratio scale 4.698 8.098 6.082 6.359 2.375 6.025 5.689 10.477

Type nominal scale 0.772 0.011 0.029 1.703 0.392 0.246 0.797 0.120

Opened Interval interval scale 9.638 11.945 11.787 8.913 7.348 11.066 10.978 8.490

Opened Month interval scale 8.983 14.950 15.361 12.550 3.544 4.605 2.447 7.227

Hardware ratio scale 10.246 7.928 4.247 7.907 5.091 8.844 12.736 4.449

Opened (day) interval scale 21.965 28.540 29.372 24.311 38.016 18.756 28.154 20.589

Priority nominal scale 2.725 3.713 3.748 5.195 0.098 1.789 0.798 0.325

Assignee ratio scale 4.335 5.912 5.737 6.057 2.556 6.834 6.059 6.552

explanetory variable scale
OpenStack Eclipse

 

Table Ⅵ Variable important threshold μ + 2σ. 

1- 501- 1001- 1501- 1- 501- 1001- 1501-

Component ratio scale 1.615 2.131 1.906 1.295 3.736 2.467 5.089 5.035

Words Count of Summary ratio scale 1.317 2.152 3.503 1.674 0.915 3.916 3.803 5.239

OS ratio scale 2.583 0.830 1.333 4.168 3.149 5.061 5.986 2.351

Weekday nominal scale 0.086 0.252 0.045 0.289 0.104 0.194 0.244 0.547

Reporter ratio scale 1.652 2.076 2.782 1.512 1.455 3.604 3.659 3.804

Type nominal scale 2.812 0.000 0.001 0.152 0.260 0.089 0.023 0.046

Opened Interval interval scale 4.290 4.118 3.369 3.361 4.755 6.743 5.370 5.333

Opened Month interval scale 4.137 5.632 8.171 9.340 2.439 5.015 1.295 5.048

Hardware ratio scale 3.517 3.994 1.094 4.021 1.675 8.486 10.075 3.380

Opened (day) interval scale 7.562 10.821 12.875 12.263 27.241 13.347 13.859 15.654

Priority nominal scale 1.616 0.979 1.186 0.972 0.103 1.015 0.098 0.089

Assignee ratio scale 1.399 1.277 1.767 1.802 1.821 4.350 3.238 2.481

explanetory variable scale
OpenStack Eclipse

 
 
each fault from the first fault, the 501st fault, the 1001st fault, 
and  the 1501st fault. In particular, the bold indicate that 
variable importance is the top five highest in prediction 
model.  

Tables Ⅳ, Ⅴ, and Ⅵ show that Opened Interval and Opened 
(day) have high variable importance in both Open Stack and 
Eclipse. In other words, we can understand that “time” is 

greatly influenced in terms of the prediction of Ti. Also, 
variable “Opened Month” has consistently high variable 
importance in OpenStack. On the other hand, Eclipse depends 
on learning data. 

V. CONCLUSION 

In many open source projects, the bug tracking system is an 
important system for developing open source software. Open 
source software has been actively developed and used by a lot 
of people in recent years, so many faults in open source 
software have been reported. As a result, the developers 
sometimes take a long time to fix a fault, and sometimes miss 
a fix for faults. 

In this paper, we aim to identify the fix priority of newly 
registered faults in the bug tracking system, and we have 
proposed the fix priority index considering the faults fixing 
time and severity. Also, we have compared with the most 
recently fixed faults to predict if the new reported fault’s fix 

priority is high or not. Also, we have found that the transition 
of the value of fix priority Ti shows the same tendency as 
different versions for the same open source software. In 
addition, we have found that it is possible to improve the 
prediction accuracy by learning not only the version of the 
fault for prediction but also the past version. From the above, 
we have considered that the proposed method using past 
version data is a practical method in order to identify the high 
fix priority of large open source project.  
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