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ABSTRACT 
Complexity is an important quality attribute. Software complexity can be measured in design phase may produce good quality 

product.In this paper,we measure the complexity of object-oriented system at design phase to predict the fault-prone classes.The 

facility to predict the fault-prone classes can provide direction for software testing and improve the efficiency of development 

process. We built the Naïve Bayesian and k-Nearest  Neighbors model to find the relationship between the design complexity and 

fault-proneness. The proposed models are empirically evaluated using four version of JEdit. The models are validated using 10-

fold cross validation. The  performance of prediction models were evaluated by goodness of fit criteria and Receiver Operating 

Characteristic (ROC) investigation. Results obtained from our  casestudy shows the average of models developed by design 

complexity can predict upto 70% faulty classes in object oriented system. It is a better an early indicator of software quality and 

make the software as reusable as well as maintainable. 
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INTRODUCTION 

 
 Software quality is one of the objectives from software developers.To reach this goal, various efforts have 
been made such as a technical formal inspection, documentation, and measure the quality of software through 
software metric[1]. Software metric can be defined as a procedure to pair a particular characteristic in the 
observed entity into a mathematical value[2]. Software quality metrics provide the knowledge to understand the 
products, processes, and services at developed software. In addition, metrics can also be used to predict the 
quality attributes of the software [3,18]. High quality metric values have not been able to ensure the good quality 
of software, due to the exchange in quality metrics. In existing system has a combination of AHP and 
PROMETHEE methods  to  determine the most suitable software with desired quality standards based on the 
quality metrics. 
 From the side of developers, the good quality software can be achieved by reducing or removing all possible 
errors in program.Early predictions of fault prone classes can be a well-intentioned step to improve the quality 
of software. In existing system a new software quality metrics and support vector machine classifier[5,11] to 
predict fault in object oriented components.The ability to predict the fault-prone classes can also provide 
supervision for software  testing and  improve the efficiency of the development process[6]. It can minimize  the 
time, efforts and cost to repair and manage the  software. That is the motivation for author[7] to improve the 
quality at earlier phase.That study proposes a cooperative approach to evaluate,detect possible faulty and repair 
the design based on quality factor fromUML class diagram. 
 There are various internal quality factor can be measured in  the software. Complexity is one of the 
important attribute in  object oriented  system. Predicting complexity of design at class level supports to improve 
the design as  much as possible[8]. The complexity of software systems are  directly contributes to improved 
testability efforts[8] and maintainability in the earlier phases of the object oriented software development life  
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cycle[9]. Shin and Williams[10] explored the relationship between complexity code and security. The objective 
of this  study is to discover if more complex code is a smaller amount secure. The results of their study show 
that software complexity affects the software security. 
 In this study,the measurement of the complexity of object- oriented system design is proposed for predicting 
fault prone classes.The complexity metric values were measured at the  design phase using UML class diagram 
which show the relationships between the classes of objects in the system. This measurement results are used as 
attribute to predictors in the  fault-prone prediction model. The prediction model is built  using twoclassification 
algorithms, namely Naïve Bayesian[11] and k-nearest neighbors12.Every system model has been validated using 
10-fold cross validation and  the  performance   of prediction model is evaluated bygoodness-of-fit criteriaand 
Receiver Operating Characteristic(ROC) curve analysis. 
 The rest of paper is organized as follows. Section2 presents  the class complexity metrics based on class 
diagram design. The data experiment and methodology is presented in section3. Several experiments were 
conducted toanalyze the performance of the complexity metric to predict fault-prone classes. The outcomes are 
described and discussed in section4. The paper concludes by summarizing the achievements of the complexity 
metric based on object oriented class diagram. 
 
II. Class Complexity Metrics: 
 Yi13 presented a complexity metrics based on relationship between the classes. The proposed metrics 
consists of class complexity and relationship complexity. That metrics are satisfied Briand L.C’s several typical 
characters, namely normalization, non-negativity, minimum value zero and maximum value one.  The proposed 
metrics is implemented by PageRank algorithm. PageRank algorithm proposed by Sergey Brin and Lawrence 
Page measured the relative importance ofweb   pages. They supposed that a page has high rank when the sum of 
the ranks of its back links is high. The rank of page is sum of the ranks of pages that point to it. The total rank of 
all web pages is constant, namely 
∑PageRank=1. 
Supposed u be a web page, 
 Fu = {pages u points to}, 
 Nu= |Fu| and Bu = {pages that point to u}.  
Sergey Brin andLawrence Page defined simplified version of PageRank (u) as R (u) in Equation 1, in which c is 
a normalizing parameter used for normalization (c<1) 

�(�) = � ∑
�(	)


		ℰ�              (1) 

 Let S be a square matrix with the same rows and column corresponding to the number of web pages. If 
there is an edge from  u  to  v,  then  Su, v   =1/  Nu,  otherwise Su, 
 v =0.  From Equation 1, we compute R = c*S*R. Matrix S is named as stochastic transition matrix. 
 Yi 13 assumes the classes of object oriented software as a web page. So, PageRank algorithm can be adopted 
to measure the rank (complexity) of classes. The relationships between classes describe the links of web 
page.Firstly, classes on object oriented software are converted into class dependency diagram14.  
 Figure. 1 shows an example of class dependency diagram. 
Secondly, the relationship matrix (W) is computed by the class dependency diagram. If there are a relationship 
from class i to j then W (i,j) is 1, otherwise W(i,j) is 0. 
 Thirdly, the stochastic transition matrix (S) is computed by Equation 2. 

S(i,j) = 
� (�.�)

∑ �(�,�)�
               (2) 

 Then eigenvalue D and eigenvector V of the stochastic transition matrix S are computed. We can get the 
eigenvector VV corresponding to the max eigenvalue. Finally, normalized and the result is PageRank. 
Let c1 and c2 are two classes, and 
Fc1 = {c2 | relationship from c1 to c2}, 
Bc1 = {c2|relationship from c2 to c1} 
 
Table I:. Summary statistics for four version of jedit. 

Dataset Numberof classes Numberof faultyclasses 
JEdit3.2.1 270 90 
JEdit4.0 303 75 
JEdit4.1 309 78 
JEdit4.2 365 48 

 
 Then the sum of complexity value of relationship that point to class is equal to PageRank of this class by 
Equation 3, 
PageRank (c1) =∑ ����ℎ� (�2 → �1)⩝ !∈� #           (3) 
 
III.    Experiments: 
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A.  Data Collection: 
 As defined later, we need an UML Class diagram to compute the complexity metrics. In this study, we use 
the four version of JEdit, namely JEdit 3.2.1, JEdit 4.0, JEdit 4.1 and JEdit 4.2. JEdit is open source project 
based on Javaprogramming language. It isan editor that supports syntax highlighting and auto-indent for more 
than 130 programming languagesThe fault-prone classes information in JEdit taken from standard dataset 
promise data. Table I shows the summary statistics as number of classes and number of faulty classes for four 
version of JEdit. A classwhich having at least one defect is calledfaulty class. A class which does not having a 
defect that class is called non-faulty class. 
 

.  
 
Fig. 1: SampleClass Dependency Diagram. 
 
B.  Experiments Design: 
 This proposed work determines the relationship between class complexities in software design with ability 
to detect fault-prone classes in object-oriented system. So, we create the system design, specificallyclass 
diagram from source code.  
 It is a reverse engineering process. We use software tool, UModel™ to do the reverse engineering process. 
By using UModel™ tool we can generate the UML Class diagram from Java source code. The information of 
UML Class diagram is exported to standard metadata interchange format (XMI). It used for any metadata whose 
metamodel can be expressed in Meta-Object Facility (MOF). The part of UML Class diagram generated using 
UModel™ can be seen at Figure 2. 
 The metrics used in this paper were collected using automated tool based on Java language, developed for 
this proposed. The automated tools namely AHComplex, read XMI files that had been generated from 
UModel™. The AHComplex will compute the class complexity (CC), the relationship complexity (RC) and the 
number of class relationship (NC). 
 The metrics values are used as attributes in the prediction fault-proneness model. The model was built using 
two classification algorithms, namely Naive Bayesian and kNearest Neighbors. The evaluations of the predicted 
models are somewhat confident since the models are applied on same data set from which they are derived. 
Each model will be validated using 10-fold cross validation [15]. It means every dataset will be randomly 
divided into10 subsample. One of subsample is used to data testing and others are used as data training. This 
process will run iteratively until every subsample has been used for data testing. 
 The performance of the prediction models assessed by accuracy, precision and Area under the ROC Curve 
(AUC) analysis [16,17]. Before we calculate the accuracy and precision value, we can construct confusion 
matrix. The confusion matrix calculates the True Positive (TP), True Negative (TN), False Positive (FP) and 
False Negative (FN) value. 
 The accuracy determines the percentage of classes correctly predicted as faultyand non-faulty. It can be  
computed by Equation 4.  

Accuracy = 
$%&$


$%&$
&'%&'

            (4) 

 The precision calculate percentage of predicted faulty classes that are classified as faulty. It can be 
computed by Equation 5. 

Precision = 
$%

$%&'%
             (5) 

 The ROC Curve plots the positives and false positives for a binary classifier system as its discrimination 
threshold is varied. The higher AUC values indicated the model have better expected performance. The AUC 
values are range between zero and one. 
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RESULT AND DISCUSSIONS 
 
 This section presents the results and discussions following the procedure describe in Section 3. The reverse 
engineering process has been carried out and we obtain XMI files derived from class diagram. 
 After getting the XMI file, we use that data as input to AHComplex tool. The AHComplex tool will 
calculate values to measure the complexity metrics (CC, RC and NC). The statistics descriptive of complexity 
metrics can be seen in Table II for JEdit 3.2.1, Table III for JEdit4.0, and Table IV for JEdit 4.1 and Table V for 
JEdit 4.2. All experiments were performed on Core 2 Duo computer and memory 4GB. 
 

 
 
Fig. 2: The part of UML Class Diagramin J Edit4.0. 
 
Table II: Statistics descriptive of jedit 3.2.1. 

Statistics CC RC NC 
Minimum 0.0023 0.0000 0.0000 
Maximum 0.6966 0.6966 6.0000 

Median 0.0102 0.0022 1.0000 
Std.deviation 0.0556 0.0215 0.7704 

 
Table III: Statistics Descriptive Of Jedit 4.0. 

Statistics CC RC NC 
Minimum 0.0023 0.0000 0.0000 
Maximum 0.7447 0.7447 6.0000 

Median 0.0088 0.0012 1.0000 
Std.deviation 0.0561 0.0207 0.7393 

 
Table IV: Statistics Descriptive Of Jedit 4.1. 

Statistics CC RC NC 
Minimum 0.0023 0.0000 0.0000 
Maximum 0.6966 0.6966 6.0000 

Median 0.0102 0.0022 1.0000 
Std.deviation 0.0556 0.0215 0.7704 

 
Table V:  Statistics Descriptive Of Jedit 4.2. 

Statistics CC RC NC 
Minimum 0.0019 0.0000 0.0000 
Maximum 0.7015 0.7015 7.0000 

Median 0.0165 0.0010 1.0000 
Std.deviation 0.0575 0.0220 0.8466 
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 The complexity metrics will be used as attributes in the prediction fault-proneness model. The prediction 
models for each dataset are performed to obtain an objective evaluation. The target of prediction model is the 
faulty classes information in dataset. 
 The first model was developed to identify fault prone object oriented system obtained from Naive Bayesian 
classification. Table 6 shows the accuracy and precision value of the prediction   models after validated using 
10-fold cross validation. 
 
Table VI: Prediction model using naïve bayesian based on Design complexity. 

Dataset Accuracy Precision 
JEdit3.2.1 70.37% 60.42% 

JEdit4.0 74.60% 45.83% 
JEdit4.1 76.37% 60.00% 
JEdit4.2 86.87% 50.00% 

 77.05% 54.06% 

 
 Based on Table 6, the prediction model using Naive Bayesian is able to detect fault prone classes with 
accuracy about 77% and precision 54%. It means that the prediction models based on the complexity of the 
design can help to find the classes that possibly have fault. 
The second model that developed to find fault prone object oriented system, obtained from k-Nearest Neighbor 
classification. Table 7 shows the accuracy and precision value of the prediction models after validated using 10-
fold cross validation. 
 
Table VII: Prediction Model Using Naive Bayesian Based On Design Complexity. 

Dataset Accuracy Precision 

JEdit3.2.1 68.89% 52.83% 

JEdit4.0 70.65% 35.42% 

JEdit4.1 70.84% 40.62% 

JEdit4.2 84.71% 38.89% 

 73.77% 41.94% 

 
 Based on Table 7, the performance of prediction model using k-Nearest Neighbors has a worse than Naive 
Bayesian model. It can be understood from the lower of accuracy and precision values.  However,  the  average  
of  accuracy value  in  the  k-Nearest  Neighbors  model  is  still  above  70%.  These  result support  the  
conclusion  derived  from  the  Naive  Bayesian model, that the complexity of UML Class Diagram can be used 
to  predict  the  fault  prone  classes  in  the  object  oriented system. 
 To determine the performance of the prediction model in overall, the Area under the ROC Curve (AUC) has 
been computed. Figure.3(a-d) shows the ROC curve for the prediction model using Naive Bayesian 
classification based on the complexity metrics for four version of JEdit. The yellow line in the graph shows the 
ability classifier system depicted in the form of convex hull ROC and the green line shows a graphical plot 
which illustrates the performance of a classifier system as its discrimination threshold is varied. 
 The best prediction models are shown with the highest AUC values.  The best prediction models using 
Naive Bayesian model is shown in Figure. 3(a) for JEdit 3.2.1 with a value of 0.7731. It means that the overall, 
the prediction models based on design complexity using Naive Bayesian can predict about 77.31% fault prone 
classes at JEdit 3.2.1. The average performance of prediction models using Naive Bayesian is about 0.7032. It is 
quite good to detect fault prone classes in the object oriented software. 
 Figure.4 shows the ROC curve for the prediction model using k-Nearest Neighbors classification based on 
the complexity metrics for four version of JEdit. The best of prediction model using k-Nearest Neighbors is 
shown by Figure. 4(a)with the peak AUC value of 0.7784. This value is better than previous model. The average 
performance of prediction models based on design complexity using k-Nearest Neighbors is 0.7166. It indicates 
that the average performance of k-Nearest Neighbors model is better than average performance of Naive 
Bayesian model. For overall, the complexity of UML class diagram can be used to predict fault prone classes 
using Naive Bayesian and k-Nearest Neighbors algorithm in object-oriented system. 
 
Conclusion: 
 The above methods predict the faults in an object oriented systems, it become better quality, 
maintainability, and reusability. The fault prone classes can be predicted in the early stage of software 
development process. At the design phase, designer can measure the complexity of relationship among the 
classes. This work concentration on class complexity, relationship complexity and the number of class 
relationship from UML class diagram as indicator in the prediction model. The reverse engineering process has 
been applied to find an object oriented system design. It shows the prediction   model   using   Naive   Bayesian   
and k-nearest neighbors based on the complexity of UML class diagram can be used as a good indicator to 
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predict the fault prone classes in object oriented software. The fault prediction before the coding phase is more 
effective. 
 

 
 
Fig. 3: Evaluation of prediction model using Naive Bayesian with Area under ROC Curve (a) for JEdit 3.2.1 (b) 
     for JEdit 4.0 (c) for JEdit 4.1 (d) for JEdit 4.2. 
 

 
 
Fig. 4: Evaluation of prediction model using k-Nearest Neighbour with AUC Curve (a) for JEdit 3.2.1 (b) for 
     JEdit 4.0 (c) for JEdit 4.1 (d)JEdit 4.2 
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