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Abstract- To develop a prediction models for identifying 

change prone classes of software is a useful upcoming 

research area. This models help using efficient resource 

utilization during maintenance phase of SDLC (Software 

development life cycle). An important step in developing 

these prediction models is the use of training data of that 

project. Thus training data set of a project that applies to 

make prediction model. This dependency leads to applying 

training data set of one project prediction model to other 

projects. The training data of a project, consists of metrics 

data as well as change statistics, while computation of 

metrics data is easy, but collection of change statistics is 

very difficult. In this paper we reuse the generated 

prediction model of one project and validate it on another 

project. The general aim of reusability is to enhance quality 

and to minimize the development effort and time. Software 

reuse can result in substantial savings in the development 

costs as well as in development of low complexity end-

products that are relatively small in size. The purpose of our 

evaluation, we have used two open source projects written 

in Java language. The performance of the predicted models 

was evaluated using Receiver Operating Characteristic 

(ROC) analysis. The results of our study indicate that we can 

successfully apply the training sets for cross project 

validation. These results help us in optimizing resources 

(time, effort) i.e required to generate training set of each 

project. It leads to effective and efficient utilization of  

resources and time. 
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Project validation, Object Oriented Metrics, software 
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Characteristic (ROC) analysis. 
 
1. INTRODUCTION 
 
The main challenge faced by software industry today, is 

proper utilization of resources like time, cost and 

effort. Over the years, various researchers have con-

ducted detailed studies to inquire the relationship 

between object oriented (OO) metrics and software 

quality attributes [1-5]. These studies assist us in 

effective and sufficient utilization of resources. In order 

to uncover the relationship between software quality 

attributes (SQA) and OO metrics, we need pre-diction 

methods. An crucial step in developing prediction models 

is the learning process. With the help of learning process, 

a prediction model accommodates and adjusts its 

performance based on empirical data. The empirical data 

needed for learning process is called the training data set. 

It helps in test possible predictive relationships between 

the dependent and independent variables. A training set 

consists of an input vector and an output vector, which is 

used with a supervised learning method to train a 

knowledge database [6]. The training set is often used in 

connection with a test set, which is used to examine the 

fitness of the predictive relationship [6]. 
 
The training set for prediction model of a particular soft-

ware, modulate in it various characteristics of a soft-ware 

like its domain, environment, language etc [7]. Thus, a 

prediction model is highly dependent on its training data 

set. However, possible reuse of training set of a particular 

project on another project could be of good advantage, as 

computation of training set involves a lot of effort. Such 

reuse of training data set of a project to validate another 

project is called cross project validation. Our study aims 

at reusing training data set for futuristic change for cross  

project validation. 
 
Futuristic Change, i.e. the probability that a particular 

part of the software would undergo change in future, is 

useful software qualities attribute [8-10]. If a class is 

predicted as futuristic change, we can track its changes 

and test it strictly leading to better quality software. 
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Prediction of change prone classes using OO metrics 

leads to efficient resource utilization during maintenance 

[10].The paper investigates the following research goals: 

(1) How one can predict the results of one project applied 

on another project precisely and accurately i.e. how 

successful is cross project validation? (2) What is the 

relationship between OO metrics and futuristic change?  

(3) Which metrics are better indicators of futuristic 

change? (4) How much machine learning methods? 

 
    

In our analysis, we have taken two open source software 

written in object oriented (OO) language. Two versions 

of both the software were taken and analyzed for 

changes. The changes were counted in terms of added, 

deleted and modified lines in the recent version 

classes with respect to previous version classes. Object 

oriented metrics were also generated for all the classes of 

both the software. Object oriented metrics and change 

statistics combined to find out data points. These data 

points from the training data set of a project. 
 
For evaluating cross project validation, we used open 

source software as our training set and validated it on 

software (test set). Apart from this, we also evaluated the 

results of another open source using ten-fold cross 

validation. Both results were analyzed and produced 

comparable results. cross project validation for fault 

probability has been investigated earlier [7], but to the 

best of our knowledge, no previous research has been 

conducted that validates cross-project prediction using 

futuristic data. 

 

The main points of our work are(1) Metrics CBO, RFC 

and LDC (refer Table 1) are important indicators (2) 

cross-project reuse of training data is possible for 

prediction of futuristic classes using Object Oriented 

metrics and produce comparable results(3) the predicted 

results would help in efficient planning of testing 

resources during maintenance. 

This paper is organized as follows, Section 2 summarizes 

related work. Section 3 explains the independent and the 

dependent variable. Section 4 specifies empirical 

data collection method. Section 5 presents conclusion of 

the work. 
 
2. RELATED WORK 
 
Futuristic Change is a critical software quality attributes 

[8-10]. Han et al. [11] contributed in improvement of 

quality of design. Evaluation of open source project by 

applying Behavioral l Dependency measurement (BDM) 

BDM is an approach to rate classes according to their 

probability of change. They concluded that BDM is a 

significant criterion for prediction futuristic change. 

According to Ambros et al. [12] change coupling is 

defined as the dependency of various modules of 

software on one another as they change and transform 

together. They analyzed the relationship between change 

coupling and software defects using correlation and 

regression analysis. They validated their study on three 

large software systems and found change coupling to be 

correlated more with large defects as compared to minor 

ones. 

we evaluate the metrics to calculate models for predicting 

change-prone Java program. This metric also improves 

the performance of prediction models to classify Java 

program into change-prone and not change-prone. In this 

study, empirical analysis is carried out to validate object-

oriented Chidamber and Kemerer (CK) design metrics for 

cross project fault prediction. Reverse engineering 

techniques were used to analyze source code over various 

software releases and to collect code metrics. They also 

investigated the probability that a change would 

propagate a change in another class by studying the 

dependencies obtained from UML diagrams of the 

system.  
 
Zhou et al. [8] studied Eclipse, a software developed in 

java programming language by analyzing three size 

metrics SLOC (Source lines of Code), NMIMP (Number 

of Methods Implemented in a class) and Num Para (sum 

of the number of parameters of the methods implemented 

in a class) to find out the confounding effect of class size 

on the relationship between Object Oriented metrics and 

change proneness A confounding variable is the one 

which leads to distortion of the actual relationship 

between the dependent and the independent variable. 

They concluded that confounding effect of class size 

exists on the relationship between Object Oriented 

metrics and change proneness. 

 

Watanabe et al. [7] have tried to evaluate the reuse of a 

fault prediction model on a C++ and Java open source 

project. They also suggested compensation techniques to 

sup-port inter language reuse of prediction models. They 

demonstrated inter language as well as cross project reuse 

of training data to cut costs and increase accuracy of 

results. Zimmermann et al. [13] studied cross-project 

defect pre-diction on a huge scale by analyzing 12 real-

world applications for 622 cross-project predictions. 

They concluded that cross project prediction using 

models from the projects in the same domain or with the 

same process are not always successful. They 

investigated and determined factors that influence cross –
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project predictions. They also derived decision trees to 

scrutinize the precision, recall and accuracy before 

attempting a prediction. Relationship has to be 

investigated between OO metrics and futuristic change of 

a class. For the purpose of their analysis they choose 

three open source software written in object oriented 

language and used statistical as well as machine learning 

methods for predicting change value using ROC 

(Receiver Operating Characteristics) model. They 

concluded that relationship between OO metrics and 

change proneness of a class exists and machine learning     

methods outperformed statistical methods in this 

evaluation.              

Lu et al. [14] examined 102 java systems by using 

statistical meta-analysis technique to ascertain the ability 

of 62 OO metrics to predict change proneness. They 

concluded that size metrics exhibit moderate, coupling 

and cohesion exhibit lower than size metrics and 

inheritance exhibits poor capability to predict whether a 

class is change prone or not. They also ascertained using 

sensitivity analysis that their results are not biased on 

data selection. 

This paper highlights the object-oriented software 

metrics proposed in 90s’by Chidamber, Kemerer [15] 

and several studies were conducted to validate the 

metrics and discovered several deficiencies. Further new 

object oriented metrics were proposed by Li. Chidamber, 

Kemerer proposed six software metrics as Weighted 

Methods per Class (WMC), Depth of Inheritance Tree 

(DIT), Number of Children (NOC) , Coupling Between 

Object classes (CBO),Response For a Class (RFC), Lack 

of Cohesion in Methods(LCOM). A new metrics suite for 

object-oriented programming proposed by Li includes 

Number of Ancestor Classes (NAC),Number of Local 

Methods (NLM), Class Method Complexity(CMC), 

Number of Descendent Classes (NDC), Coupling 

Through Abstract Data Type (CTA), and Coupling 

Through Message Passing (CTM) as an alternatives to 

Chidamber and Kemerer metrics. Here the comparisons 

have been made between the metrics proposed by 

Chidamber and, Kemerer . 

 

3 .INDEPENDENT AND DEPENDENT 

VARIABLE 

In this section, we explain the independent and 

dependent variable in this study. 

 

3.1 Independent Variable 

 

The independent variable i.e. various OO metrics 

collected for each class of the software are summarized in 

Table 1. Several metrics are used in our study to account 

for various characteristics of software like size, coupling, 

cohesion, inheritance etc. The values for these OO 

metrics are obtained using Understand for Java 

(http://www.sci-tools.com/) software. 

 

                                           Table-1 
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3.2 Dependent Variable 

 

Change in any software is necessary to keep it updated 

and useful. Estimation of change prone classes of 

software could help in better enhancements to a software 

at lower costs [10]. The dependent variable in our study 

is change proneness. Change proneness of a class is the 

likelihood of change after the software has been 

delivered [10]. Change is the modification made in a 

class in terms of SLOC added, deleted or modified. 

 
4. EMPIRICAL DATA COLLECTION  

 

In this section we give introduction to our data sources 

and provide a description of our data collection method. 

We examined two open source software written in java 

language. The source code of these open source software 

is available at URL/. The change in software is accounted 

for, by gathering changes in all classes of that particular 

software. Two versions of particular software were taken 

and the change in classes present in both the versions was 

analyzed. The details of the software are provided in 

Table 2. It shows the version, release date, SLOC and 

number of classes for each of the software analyzed in 

this study. 

 

                                                                                   TABLE 2 

 

                                                                      SOFTWARE DETAILS 

 

Name Version Release Date SLOC No. of Classes 

First open source 0.2.0 04-07-2006 49,532 SLOC 539 

 0.6.0 22-10-2009 1,13,093 SLOC 1273 

2nd open source 0.9.0 RC1 21-12-2008 83,495 SLOC 920 

 0.9.0 RC7 06-03-2010 85,766 SLOC 955 

 

4.1 Data Collection Method 

 

The procedure adopted for collecting OO metrics and 

changes between multiple versions of a class is as 

follows. First, we compute all OO metrics specified in 

Table 1 for initial versions (open source software 

0.9.0RC1) with the help of Understand for Java. These 

metrics are only computed for all classes of the software. 

The second step is to prepare comparable versions of the 

software. For this, common classes are extracted from 

both initial and recent versions of software. These classes 

are compared line by line with the help of Understand for 

Java to compute number of SLOC ADDED, DELETED 

and MODIFIED.  

OO metrics are put together to generate data points. 

Malhotraet al. [10] provide a detailed and step by step 

procedure for data collection  

Second one open source software out of 539 classes of 

0.2.0, 80 classes were those which were deleted i.e. not 

present in 0.6.0. Only 248 classes were present in both 

the versions leading to 248 data points for software. After 

data analysis, it was found that out of 248 data  

 

Points 127 (51%) classes were altered while 121 classes 

were not changed in version 0.6.0. For FreeMind, all 920 

classes were present in both the versions but library 

classes and unknown classes were discarded. This 

resulted in 657 data points. Out of 657 data points, 68 

(10%) classes were found to be changed while the other 

589 classes were not changed in 0.9.0 RC7 version. 

                        

          

5.  CONCLUSION AND FUTURE WORK  

 

The aim of our research was to strictly examine cross 

project validation for predicting futuristic change classes 

using OO metrics. Based on the studies of training data 

sets obtained from two open source software. We 

analyzed the performance of predicted models using 

ROC analysis. We studied machine learning methods to 

predict the effect of OO metrics on futuristic change We 

also took account of changes in the classes while 

predicting change. Results are summarized as follows. 

 

1. The metrics CBO, RFC and LDC are significant 

indicators of predicting change prone classes as in both 

the data sets; these metrics were chosen after applying 

feature subset selection method CFS. A good feature sets 

has features that are highly correlated with the dependent 

variable but are uncorrelated with each other [19]. CFS 

uses a correlation method among variables to identify 

good as well as noisy features.  

 

2. The predicted results indicate that inter project 

validation of OO metrics for change proneness prediction 

is valid and yields competent results. While DT, BN and 

AB gave AUC value of 0.733, 0.673 and 0.709 
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respectively when we use ten-cross validation, the AUC 

values while using Frinika as the training set were 0.742 

0.727 and 0.767 respectively for DT, BN and AB. These 

results indicate that we can use a training set of one 

software project on another soft-ware project effectively 

while applying prediction models for change proneness. 

While using ten-fold cross validation we use the training 

set of the same project which incorporates various 

software characteristics like domain, language etc of the 

particular software. But when we used Frinika as the 

training set and applied on FreeMind as the test set i.e. 

reuse a training set of a different project on another, the 

results were still comparable to that often-fold cross 

validation. This result helps research analysts and 

practitioners in reusing prediction models based on one 

software project on another project for prediction of 

change prone classes. This leads to effective and efficient 

utilization of resources and effort and time reduction as 

we do not need to compute training sets of specific 

software but can reuse an already existing set of different 

software.  

 

3. The results help us in effective utilization of con-straint 

testing and maintenance resources. Change prone classes 

of software need to be tested exhaustively during 

maintenance. Thus more testing re-sources can be 

assigned to these change prone classes for rigorous 

testing. Meticulous testing of change prone classes leads 

to a good quality software. Our results indicate that CBO, 

RFC and LDC are suggestive indicators of change prone 

classes. We can plan our limited testing resources in such 

a manner that they give competent good quality software 

products.  

 

The results of our study are valid for object oriented 

medium systems. We plan to replicate our studies on data 

sets having different characteristics such as datasets with 

different programming languages and environments. We 

also plan to use other machine learning algorithms like 

genetic algorithms for inter-project analysis. 
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