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Abstract: 

 

The study used software metrics effectiveness in developing models in two aspects 

(Binary and Multinomial) and in 2 different ways Bivariate (taking the confounding 

effect of class size with individual metrics) and Multivariate (combined effect of 

object-oriented metrics) for finding the classes in different error categories for the 

three versions of Eclipse, the Java-based open-source software. Bivariate models are 

not showing the best result for both aspects, but multivariate models are showing the 

best result for both aspects. Among multivariate models, multinomial aspect is 

showing the best result. So, during development of a model, we need to include more 

than two metrics and among that one of the metric must size metric. As we see from 

the data, distribution of fault among module of a software system is not uniform, in 

that case multinomial aspect helps the tester to prioritize the tests with the knowledge 

of error range and category and therefore, work more efficiently. We conclude that 

prioritizing the test on the basis of different number of errors in different error 

categories is more efficient than simply knowing the category fault prone and fault 

free classes for developing fault prediction models. 

 

Key-words:- OO-metrics ,Fault-prone, prediction, logistic regression, multinomial, 

LR, BBLR, BMLR, MBLR, MMLR,MLE,LL. 

 

 

1. Introduction 

Error-free Software development is the main aim of every software employee (i.e. 

software developer or tester). But, all their effort for that become in vain because of 

presence of errors still in the software and are detected after it has been released. 

Errors need to be found while the software is being developed during the software 
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development process only. If the errors are found late then the corrective action is 

very expensive and leads to a new release of the software. We can try to locate the 

occurrence of errors and remove them. Any information that can help to locate the 

error can increase the testing [1] efficiency. Software metrics can be of great help in 

this scenario. There are numerous metrics proposed in the literature to capture the 

quality of object-oriented (OO) design and code, for example [4, 6, 9, 16, 

19-20] .These metrics provide ways to evaluate the quality of software and their use 

in earlier phases of software development can help organizations in assessing a large 

software development quickly, at a low cost. But how do we know which metrics are 

useful in capturing the important quality attributes such as fault proneness, effort, 

productivity or amount of maintenance modifications.  An empirical study of real 

systems only provides relevant answers. There have been empirical studies evaluating 

the impact of OO metrics on software quality and constructing models that utilize 

them in predicting quality attributes in the system such as [2-3, 5, 7-8, 10-12, 

15 ,17-18] .More data-based empirical studies, which are capable of being verified by 

observation or experiment are needed. The evidence gathered through these empirical 

studies are today considered to be the most powerful support possible for testing a 

given hypothesis, and can then be applied for identifying potentially faulty-classes in 

future applications or future releases. The usage of design metrics allows the 

organization to take justifying actions early and consequently avoid costly rework. 

The study is divided into following part: 

• The descriptive statistics[14] for each metric(proposed metric also) is 

presented to compute low variance metrics that do not differentiate classes 

very well and, therefore, are unlikely to be useful. 

• The principal-component (PC) method [14] is used to determine whether these 

metrics are independent or are capturing the same underlying property of the 

object being measured. 

• The Correlation of OO-metrics with pre-release error and size is used to 

determine whether these metrics are able to discriminate between error-free 

and error-prone and these metrics are related with size. 

• After that Bivariate analysis is carried out to answer that the relationship 

between the object-oriented metric and fault-proneness will be inflated due the 

effect of size. Without controlling for the confounding effect of class size one 

obtains results that are systematically optimistic. It is therefore necessary to 

control class size to get accurate results. We have done this analysis in both 

aspects binary and multinomial. 

• Finally, four prediction model are developed and tested using the bivariate and 

multivariate logistic regression (LR) technique in both aspects Binary and 

Multinomial for the Eclipse versions[13][22]. 

 

 In this paper we report on a study that was performed to construct a model to 

predict which classes in a future release of a commercial Java application will be 

faulty. The model uses only object-oriented design metrics. Our empirical validation 

results indicate that the model has high accuracy in identifying which classes will be 

faulty and in predicting the overall quality level. On the basis of these results, it is 
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reasonable to claim that such a model could help for planning and executing testing 

by focusing resources on the fault-prone parts of the design and code. 

 The article is organized as follows: Section 2 summarizes the metrics studied, 

describes sources from which data are collected and presents hypothesis to be tested 

in the study. Section 3 presents the research methodology and model evaluation 

criteria followed in this article. In Section 4, the results of the study are given. The 

model is evaluated in Section 5. Conclusions and future scope of the study are 

presented in Section 6. 

 

 

2. Research Background 

In this section, we present the summary of metrics studied in this article (Section 2.1), 

empirical data collection (Section 2.2), and hypothesis to be tested in our work 

(Section 2.3). 

 

2.1.  Dependent and Independent Variables 

Fault proneness is defined as the probability of fault detection in a class. We used 

Logistic regression technique, to measure the probability of fault proneness. For LR, 

independent and dependent variable are required. The dependent variable in this study 

is fault proneness and independent variables are OO-metrics. The OO-metrics of 

coupling, cohesion, inheritance and size are the independent variables used in this 

study, which is usable at early stages of software development. 

 

2.2 Empirical Data Collection 

To analyze metrics chosen for this work, their values are computed for the selected 

Data Source. 

The following steps are followed to do so: 

i. To select the Data Source. 

ii. To select the software metrics. 

iii. Associate each Java class with the number of pre-release error data. 

 

2.2.1 To select the Data source 

This study makes use of the data collected from three major releases, 2.0, 2.1, and 3.0, 

of Eclipse. As an open-source Java project, Eclipse is comprised of extensible 

frameworks, tools and runtimes for building, deploying and managing software across 

the entire software lifecycle. 

 

Table 1: Data Source information 

 

Version Released date # of java files Total size 

Eclipse 2.0 27 June 2002 6751(5686 cd+1065 id) 796 KLOC 

Eclipse 2.1 27March2003 7909(6702cd+1207id) 988 KLOC 

Eclipse 3.0 25 June 2004 10635(8903cd+1732id) 1306 KLOC 
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We select Eclipse 2.0, 2.1, and 3.0 as the subjects of our study for two reasons. 

1. Their fault data are publicly available [23-24]. Therefore, it is easy to 

externally validate our empirical results by other researchers. 

2. They are major releases of Eclipse and have been widely used for several 

years.   

 

2.2.2 To select the software metrics 

The selection of software metrics was a tedious job because there are many available 

metrics. We used two criteria in our selection process:  

 The set of metrics cover all aspects of OO design.  

 We have to be able to collect the metrics by using automated tool. 

 

 17 metrics are selected which are discussed in Appendix at the end of the 

References. These metrics are characterized into coupling, cohesion, inheritance, class 

complexity and class-size metrics. We used JHAWK [28] automated tool to collect 

these metrics from the Eclipse source code [27]. JHAWK compiled the source code 

and give output as each module name and their set of OO metrics. So, we generated 

three databases for the preprocessed java files. 

 

2.2.3 Associate each Java class with the number of pre-release faults 

We collected the fault data from three releases of Eclipse (Versions 2.0, 2.1, and, 3.0) 

provided by the publicly available data set promise2.0a [23] [24] [29].This data set 

lists the number of pre-release faults (reported in the last six months before release) 

for each java file in Eclipse2.0, Eclipse2.1 and Eclipse3.0. We associated each Java 

class with the number of pre-release faults in the corresponding class definition file in 

Eclipse 2.0, 2.1, and 3.0 in promise2.0a, respectively. Pre release bug data are used for 

study and two types of categorization has been done on the pre release error data: 

1. Binary Categorization: In this we only used two values 0(means no error) and 

1(means with error). 

2. Multinomial Categorization: In this we classify the error severity into 4 

classes. 

 

For classification our followed steps are as follows: 

• We find the descriptive statistics of pre error data. From that we are able to 

know the min, different number of occurrences of error (nonzero) and max 

value of error data in all classes of every versions of Eclipse. 

• After that, we again find the descriptive statistics of (Min, 25%, 50%, 75% 

and Max) the different occurrences of number of errors (from min (nonzero) to 

max). 

 

Based on that we classified   class error data into one of five categories that are 

defined as follows: 

• No Error: class containing zero error. 

• Nominal: class containing error in the range Min<=error<25% 

• Low: class containing error in the range 25% <= error <50% 
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• Medium: class containing error in the range 50% <=error <75% 

• High: class containing error in the range 75% <=error <Max 

 

Table 2:  Descriptive statistics of error data for all different occurrences of no of 

errors in Eclipse (2.0, 2.1&3.0) 

 

 
 

2.3 Hypothesis 

The objective of the study is to develop a Bivariate and Multivariate Binary as well as 

Multinomial logistic Regression model using software metrics that can be used to 

classify modules to different error categories in OO system. 

 

The following are the Null hypotheses for our study: 

•  Hypothesis 1: A class cannot be categorized into error-prone and error-free 

categories by a model build with two OO-metric (i.e. one is any OO-metric 

(except size metric) and another is a size metric) in the binary categorization.  

(Null hypothesis: A class can be categorized into error-prone and error-free 

categories by a model build with two OO-metric (i.e. one is any OO-metric 

(except size metric) and another is a size metric) in the binary categorization. 

•  Hypothesis 2: A class cannot be categorized into error-prone and error-free 

categories by a model build with more than two OO-metrics in the binary 

categorization. 

(Null hypothesis: A class can be categorized into error-prone and error-free 

categories by a model build with more than two OO-metrics in the binary 

categorization.) 

•  Hypothesis 3: A class cannot be categorized into any one of the error categories 

(Nominal, Low, Medium, and High) and the No-error categories by a model build 

with two OO-metric (i.e. one is any OO-metric (except size metric) and another is 

a size metric) in the multinomial categorization.  

(Null hypothesis: A class can be categorized into any one of the error categories 

(Nominal, Low, Medium, and High) and the No-error categories by a model build 

with two OO-metric (i.e. one is any OO-metric (except size metric) and another is 

a size metric) in the multinomial categorization for the three releases of Eclipse. 

•  Hypothesis 4: A class cannot be categorized into any one of the error categories 

(Nominal, Low, Medium, and High) and the No-error categories by a model build 

with more than two OO-metric in the multinomial categorization. 

(Null hypothesis: A class can be categorized into any one of the error categories 

(Nominal, Low, Medium, and High) and the No-error categories by a model build 

with more than two OO-metric in the multinomial categorization.) 
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More specifically, we attempt to answer the following questions by appropriate 

statistical analysis technique: 

1. How accurate do the investigated metrics distinguish between fault-prone and 

not fault-prone classes using Bivariate and Multivariate, Binary Logistic 

Regression model? 

2. How accurate do the investigated metrics classifies classes into four 

categories: Nominal, Low, Medium, and High based on the error severity level 

using Bivariate and Multivariate, Multinomial Logistic Regression model? 

 

 

3. Research Methodology 

In this section, the steps taken to analyze OO-metric and size metrics for classes taken 

for analysis are described in following stages: (i) Descriptive statistics and outlier 

analysis, (ii) PC method, (iii) correlation to size, (iv)Logistic Regression (LR) 

analysis and model prediction and (v) model evaluation. 

 

3.1.  Descriptive Statistics and Outlier Analysis 

Descriptive statistics are helpful for development of certain measures to summarize 

data using mean, median, quartile range and standard deviation. All data points, which 

are located in an Empty part of the sample space, are called outliers. Outlier analysis 

is done to find and remove data points that are over-influential. To identify Bivariate 

and Multivariate outliers, we calculate for each data point the Mahalanobis Jackknife 

[21-22] distance. Mahalanobis Jackknife is a measure of the distance in 

multidimensional space of each observation from the mean center of the observations 

[21-22]. The influence of Bivariate and Multivariate outliers was tested. If the 

significance of one or more independent variables in the model depends on the 

presence or absence of the outlier, then that outlier is to be removed. 

 

3.2.  Principal-component Method 

PC method is a standard technique used to find the interdependence, among a set of 

variables. The factors summarize the commonality of these variables and factor 

loadings represent the correlation between the variables and the factor. PC method 

maximizes the sum of squared loadings of each factor extracted in turn. The PC 

method aims at constructing new variable (Pi), called PC out of a given set of 

variables Xj‟s (j = 1, 2,.. k) 

 kkkkkkk

kk

kk

XbXbXbP

XbXbXbP

XbXbXbP

...

.....

...

...

211

22221212

12121111

 (1)

 

All bij‟s called loadings are worked out in such a way that the extracted PCs satisfy 

the following two conditions: 

1.  PCs are uncorrelated (orthogonal) and 

2.  The first PC (P1) has the highest variance; the second PC has the next highest 

variance and so on. 
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 The variables with high loadings help to identify the dimension, the PC is 

capturing. For this, we consider the rotated components. There are various strategies 

to perform such rotation. This includes Quartimax, Varimax and Equimax orthogonal 

rotation[14][21].We used Varimax method ,which maximizes the sum of variances of 

required loadings of the factor matrix .Eigen value associated with each PC indicates 

the relative importance of each dimension for the particular set of variables being 

analyzed. The PC with Eigen value greater than one is taken for interpretation [14]. 

 

3.3.  Correlation of Metrics with Size and fault 

Correlation analysis studies the variation of two or more variables for determining the 

amount of correlation between them. In order to analyze the relationship of design 

metrics to the size and fault data of the class we use Spearman‟s Rho coefficient of 

correlation. This is to determine empirically whether the coupling, cohesion or 

inheritance metric is essentially measuring size (number of lines of code (NLOC)) and 

fault-proneness. 

 

3.4.  Logistic Regression and Model Prediction 

LR is a very well known technique in statistics. It is used to predict dependent 

variable from a set of independent variables [13][32]. Binary LR is used to construct 

models when the dependent variable is binary and Multinomial LR is used to 

construct models when the dependent variable has more than two categories. In our 

study, the dependent variable is fault proneness and the independent variables are OO 

metrics. LR can be used in two ways: (i) Bivariate LR and (ii) Multivariate LR 

 In Multivariate LR method, metrics are used in combination (more than two 

metrics), but two metrics are used in Bivariate LR. 

 

3.4.1.  Binary logistic regression model 

Binary Logistic regression is a standard statistical modeling method in which the 

dependent variable Y can take on only one of two different values [25]. In the 

following, let the values be 0 and 1. Here, Y = 1 represents the corresponding class 

have at least a fault and Y = 0 represents the corresponding class have no fault. 

Assume that X1, X2, . . . , Xn represents the independent variables (i.e. the metrics in 

this study) and Pr(Y = 1|x1, x2, . . ., xn) represents the probability that Y = 1 when X1 = 

x1, X2 = x2, . . ., and Xn= xn. Then, the logistic regression model assumes that Pr(Y = 

1|x1, x2. . . xn) is related to x1, x2, . . ., xn by the following equation: 

 

1 1

1 1

...

1 2 ...
Pr( 1| , ,..., )

1

n n

n n

α x x

n x x

e
Y x x x

e  (2)
 

 Where βis are the regression coefficients and can be estimated through the 

maximization of a log-likelihood. 

 

3.4.2  Multinomial Logistic regression 

Multinomial Logistic regression is modified form of binary logistic regression, it is 

appropriate when the outcome is a polytomous variable (i.e. categorical with more 

than two categories) and the predictors are of any type. Y can take on more than two 

different values depending on the number of different categories [25]. In the 
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following, let the values be 0,1,2,3 and 4.Here, Y = 1,2,3 and 4 represents the 

corresponding class have fault according to the nominal category, low category, mid 

category and high category and Y = 0 represents the corresponding class have no 

fault. Categorization detail is in our previous paper [11].Multinomial logistic 

regression compares multiple groups through a combination of binary logistic 

regressions. 

 As in other forms of linear regression, multinomial logistic regression uses a 

linear predictor function to predict the probability that observation i has outcome k, of 

the following form: 

 0, 1, 1, 2, 1, , ,( , ) ...k k i k i M k M if k i x x x
 (3)

 

 Where, βM,k is a regression coefficient  associated with the m
th

 explanatory 

variable and the k
th

 outcome. The regression coefficients and explanatory variables 

are normally grouped into vectors of size M+1, so that the predictor function can be 

written more compactly: 

 
( , ) k if k i x

 (4)
 

 Where, βk is the set of regression coefficients associated with outcome k, and 

xi(a row vector) is the set of explanatory variables associated with observation i[13]. 

 In Multivariate LR model, we used backward elimination method for 

OO-metric which are selected in PC. It includes all the independent variables in the 

model in beginning, after that, Variables are deleted one at a time from the model until 

stopping criteria are fulfilled.  

 Multicollinearity refers to the degree to which any variable effect can be 

predicted by the other variables in the analysis. As multicollinearity rises, the ability 

to define any variable‟s effect is diminished. Thus, the interpretation of the model 

becomes difficult, as the impact of individual variables on the dependent variable can 

no longer be judged independently from the other variables [21]. Thus, a test of 

multicollinearity was performed on the fault-proneness model predicted in Section 

4.3. Let X1, X2, . . ,Xn be the covariates of the model predicted. PC method is applied 

on these variables to find maximum eigenvalue, emax and minimum eigenvalue, 

emin. The conditional number is defined as: 

 minmax ee
 (5)

 

 If the value of the conditional number is 30, then multicollinearity is not 

tolerable [31]. 

 

The following statistics are reported for each significant metric: 

•  Odds ratio: It is the probability of the event divided by the probability of the 

nonevent. The event in our study is having a fault and nonevent is probability 

of not having a fault. An odds ratio with value 2 means that dependent variable 

is multiplied by 2 when the independent variable increases by 1 unit. 

•  Maximum likelihood estimation (MLE) and coefficients (αi‟s): MLE is a 

statistical method for estimating the coefficients of a model. The likelihood 

function (L) measures the probability of observing the set of dependent 
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variable values (P1, P2, . . , Pn). It is written as the probability of the product of 

the independent variables: 

 
)...( 21 nPPPprobL
 (6)

 

 MLE involves finding the coefficients that make the log of the likelihood 

function Log (L) as large as possible. The bigger the value of coefficients, the larger 

the impact of the OO-metrics on the probability of fault detection. 

•  The statistical significance (sig): It is the significance level of the coefficient; 

larger the statistical significance, lesser the estimated impact of the 

independent variables (OO metrics). In our study, we used 0.05 as the 

significance threshold. 

•  The R2 statistic: It is the proportion of the variance in the dependent variable 

that is explained by the variance of the independent variables. The higher the 

value of R2, the higher the effect of the model‟s independent variables and 

more is the accuracy of the model. R2 statistic is defined by the following 

ratio: 

 )(

),(
12

aLL

BaLL
R

 (7)

 

 Where, LL (a, B) is the maximum log-likelihood function with significant 

independent variables included in the model. LL (a) is the log-likelihood function 

evaluated with only the constant included. 

 

3.5  Model Evaluations Criteria 

The most commonly used measures for predictive effectiveness of classification 

models are accuracy, sensitivity, specificity, precision, and F-measure [30][32]. In the 

context of binary fault-proneness and multinomial fault-proneness classification, these 

five effectiveness measures can be defined as follows: 

Accuracy: the number of classes that are correctly classified (in different categories 

depending on the categorization), divided by the total number of classes. Where TP 

and TN are the number of correct predictions that an instance is positive and negative 

respectively. FP and FN are the number of incorrect predictions that an instance is 

positive and negative respectively.  

 FNFPTNTP

TNTP
Accuracy

 (8)
 

 

• Sensitivity: the number of classes correctly classified as fault-prone (in 

different categories depending on the categorization), divided by the total 

number of classes that have faults; 

• Specificity: the number of classes correctly classified as not fault-prone (in 

different categories depending on the categorization), divided by the total 

number of classes that have no fault. 

• The general rule to evaluate the classification performance is to find the area 

under the curve (AUC)[26]: 

 AUC=0.5 means no good classification; 

 0.5<AUC<0.6 means poor classification; 
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 0.6≤AUC<0.7 means fair classification; 

 0.7≤AUC<0.8 means acceptable classification; 

 0.8≤AUC<0.9 means excellent classification; 

 AUC≥0.9 means outstanding classification. 

 

 

4. Experimental analysis 

In this section, we present in detail the experimental results. In section4.1, we report 

the distribution and section 4.2 correlation analysis results of the investigated metrics 

on the fault data sets. In section4.3, we do the Principal component analysis. In 

section 4.4, we show the results of logistic regression in two contexts Binary and 

Multinomial. 

 

4.1  Descriptive analysis 

Table 3, Table 4 and Table 5 presents the common descriptive statistics of the 

investigated metrics on three data sets Eclipse2.0, Eclipse2.1 and Eclipse3.0 

respectively. Columns 

„„Mean”,„„Median”,„„Std.Deviation”,„„Minimum”,”Maximum”,”25th Percentile” and 

„„75th Percentile” state for each metric the mean value, median value, standard 

deviation value, minimum value, maximum value and interquartile ranges. When 

looking at the lower 25th percentile, the median, the 75th percentile, the mean, and 

the standard deviation, we find that the distributions of each metric over the three 

Eclipse versions are similar. This means that a prediction model built on the former 

version could probably be applied to the latter versions. All metrics showing marginal 

variation between classes.  

 

4.2  Correlation with Fault and size 

There is evidence in Table 7 that object-oriented metrics are associated with size. 

Spearman rho correlation coefficients go as high as 0.890 for associations between 

some complexity metrics and 0.849 for association between coupling metrics with 

size (i.e. NLOC no. of lines of code), and 0.615 for cohesion metrics, and all are 

statistically significant. Table 6 also shows the results of the Spearman correlation 

analysis for the three versions of Eclipse with their respective pre-release faults. The 

correlation values are statistically significant because the p-value of all the metrics are 

(<.001).Assuming a reasonably sized data set, correlation value less than 0.1 

trivial,0.1-0.3 minor,0.3-0.5 moderate,0.5-0.7 large,0.7-0.9 very large, and 0.9-1.0 

almost perfect[32].As can be seen, all metrics have minor or moderate correlation 

with pre-release faults. Of all metrics, RFC, EXT, MPC and PACK have the highest 

correlation with pre-release faults. Also we can see that INST, CBO and AVCC have 

lowest (minor, almost trivial) correlation with pre-release faults. 

 

4.3  Principal component analysis 

In this section, we present the results from the principal component analysis. All 

measures with sufficient variance (six or more non-zero data points) were subjected to 

an orthogonal rotation. A total of 17 measures were used. We identified 4 orthogonal 
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dimensions spanned by the 17 measures, indicating that, as expected, there is a large 

amount of redundancy present among these measures. Conditional number is less than 

30 i.e. 854.1081.5 , that‟s why redundancy is tolerable. The 4 PCs capture 84.923 of 

the variance in the data set.  For each PC, its eigenvalue, the variance and the 

cumulative variance are arranged in the Table 6. Based on the analysis of the 

coefficients associated with the measure within each of the rotated components, the 

PCs are interpreted as follows: 

• PC1: UWCS, CC, NOM, LCOM2 and INST, this PC contain different 

dimensions like complexity, size and cohesion metric. 

• PC2: RFC, EXT, MPC and PACK all are coupling metrics. 

• PC3: AVCC and MAXCC are average and maximum complexity metrics.  

• PC4: CBO and FOUT are coupling metrics respectively.     

 

 Hence, we see metrics capturing different properties (i.e. Cohesion, 

Complexity and size) are included in the same dimension P1. Coupling metrics were 

included in dimensions P2 and P4. 

 

4.4  Logistic Regression Models 

4.4.1  Bivariate Logistic Regression Models 

[17] had shown that class size can have a strong confounding effect on the 

associations between OO-metrics and fault-proneness and therefore recommended 

that future validation studies should always control for class size. Table 8, Table 9 and 

Table 10 summarizes the results of the Binary Bivariate logistic regression analysis 

with regard to pre-release fault-proneness prediction from Eclipse 2.0, Eclipse 2.1 and 

Eclips3.0 respectively. Table 11, Table 12 and Table 13 summarizes the results of the 

Multinomial Bivariate logistic regression analysis with regard to pre-release 

fault-proneness prediction from Eclipse 2.0, 2.1 and 3.0 respectively. The column 

“Metric”, shows the independent variable used. The columns “Const”, ”Coef.”, ”S.E.” 

and ”p-value” states for each model the constant, the estimated regression coefficient, 

the standard error of the coefficient, and the statistical significance of the coefficient. 

The columns “R
2
” and “OR” report the R

2
 and the odds ratio. OR>1 suggest that 

metrics are associated with higher odds of outcome (i.e. fault proneness).R
2
 is known 

as the coefficient of determination. R
2
 is always between 0 and 100%:0% indicates 

that the model explains none of the variability of the response data around its mean, 

100% indicates that the model explains all the variability of the response data around 

its mean. The column”% of cases correctly classified” reports the total number of 

classes which are correctly classified depending on the predicted values for the 

dependent variable, based upon the regression model, with the actual observed values 

in the data. We can see that all the metrics have positive regression coefficients and 

their p-values are very significant. From Table , we can see that: (1) after controlling 

for class size, some metrics do not have a significant association with fault-proneness 

in Eclipse 2.0,2.1 and 3.0 (shown in bold ); (2) after controlling for class size, the 

odds ratio for each metric considerably decreases ; and (3) for each metric, the model 

built with it and NLOC has a slightly higher R
2
 than the univariate model built with 

NLOC and also built with OO-metric . 
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4.4.2  Multivariate Logistic Regression Models 

In this section, we predict models to identify faulty classes. The model is built using 

backward elimination procedure. All metrics are allowed to enter the model. The 

variables included in the model and model statistics are shown in Table 14 and Table 

15 for all 3 versions of Eclipse in binary and multinomial aspects respectively. 

 

4.5  Hypothesis Testing 

In this section, we investigate the applicability of four types of model for predicting 

fault-proneness in two aspects i.e. binary (BLR and MLR) and multinomial (BLR and 

MLR).The testing of applicability of hypothesis  in all four proposed models are 

shown in Table 16. 

 

 

5. Validation Results 

Table 17, Table 18 and Table 19 summarizes the TP, TN, FP, FN, Sensitivity, 

(1-Specificity), AUC and Accuracy results from 17-fold cross-validation for the 

Bivariate models for Binary categorization of Eclipse 2.0,2.1 and 3.0. The columns 

from “NOS” to “AVCC” each corresponding to a bivariate model built with a single 

metric and Number of lines of code(NLOC) respectively report the AUC scores are 

computed by the SPSS. Table 20, Table 21 and Table 22 summarizes the TP, TN, FP, 

FN, Sensitivity, (1-Specificity), AUC and Accuracy results from 17-fold 

cross-validation for the Bivariate models for Multinomial categorization of Eclipse 

2.0,2.1 and 3.0 respectively. 

 Table 23 and Table 24 summarize the TP, TN, FP, FN, Sensitivity, 

(1-Specificity), AUC and Accuracy results from 17-fold cross-validation for the 

Multivariate models for Binary and Multinomial aspect respectively for all 3 version 

of Eclipse. 

 

Following are the result of the statistical analysis: 

(1) All metrics showing accuracy in the range 64% to 67% in Eclipse2.0, but in 

Eclipse2.1 and Eclipse3.0 it is in the range 74% to76% and AUC result comes 

under the range 0.5<AUC<0.6 means poor classification in all three version of 

Eclipse  for BBLR. 

(2) Accuracy result for nominal category is 58% to 65% and AUC comes in poor 

category, but accuracy for low, mid and high category is in 50% to 60% and 

their classification power comes in fair and acceptable classification. PACK is 

showing best result among all metrics for Eclipse 2.0 in MBLR model. 

(3) Accuracy of nominal category is high compare to other but its discriminating 

power is in poor class. Other 3 categories have accuracy 69% to 71% and low 

and part of mid class come in acceptable class, but high comes in excellent 

classification for eclipse 2.1 in MBLR model. PACK is showing the best result 

among all. Same incidence is found in Eclipse3.0 for MBLR model. 

(4) In BMLR model the accuracy model is between 68% and 76% for all 3 

version of Eclipse. And AUC comes in poor classification. 
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(5) In MMLR model the accuracy of nominal category is 62% to 66%, its AUC 

come in the poor class. But all other 3 categories has accuracy 55% and AUC 

for low (in Eclipse2.1 and 3.0) and high(in eclipse2.0)comes under acceptable 

class and except high  for eclipse 2.1 comes in excellent class. The AUC 

result for Eclipse2.1 in high category gives the outstanding classification. 

 

 When Software debugger use MMLR model for own Software checking then 

they got the idea that their classes come in which category. Depending on that they do 

the debugging of class on that number of error which come in that category range. So, 

multinomial LR give the idea that applying the same testing effort to all modules of a 

system is not the optimal approach, because the distribution of bugs among individual 

parts of a software system is not uniform. So, with such knowledge we would be able 

to prioritize the tests and therefore, work more efficiently. We conclude that 

prioritizing the test on the basis different error categories is more effective than the 

category of fault prone and fault free classes in binary categorization for developing 

fault prediction models. 

 

 

6. Conclusion and Future Work 

In this paper, we use logistic regression (Binary and Multinomial) to investigate the 

relationships between selected seventeen traditional metrics and fault-proneness at the 

class level for three versions of Eclipse. Our results are summarized as follows: 

• Bivariate model (in both aspects, Binary and Multinomial) are unable to 

discriminate between fault-prone and not fault-prone classes, more efficiently. 

The bivariate model are built with one chosen metric and another one is size 

metric (i.e. NLOC).All metrics comes in class of  poor classification of 

predictive ability. 

• We have developed bivariate model for finding that class size have a strong 

confounding effect on the associations between OO metrics and 

fault-proneness. So, we control class size using any size metric and developed 

model with each metric which are showing better result .But we find that 

model are not showing best predictive ability. So, the best ideas for developing 

the model is that develop model using more than two metrics among that one 

of the metric is size metric. 

• When Multivariate logistic regression models built with combined effect of all 

chosen metrics. This shows better result in Prediction. But, among both aspect 

(i.e. Binary, Multinomial) multivariate model shows better result in 

multinomial aspect of fault prediction. 

• Of the investigated metrics, PACK is the only metric which is used to develop 

model in both aspects as well as both way bivariate and multivariate. It shows 

that Pack metric has the best discrimination ability.   

• We conclude that prioritizing the test on the basis of different number of errors 

in different error categories is more effective than the category of fault prone 

and fault free classes in binary categorization for developing fault prediction 

models. 
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 In the future work, we will replicate this study using these investigated metrics 

and other modeling techniques to draw stronger conclusion for getting best predictor 

and model also. In this study we have used all those metric which are capable for 

giving the significant threshold for differentiating the classes in binary categorization 

(error-free and error-prone) and also multinomial categorization (nominal, low, mid 

and high) from our previous study [11]. In particular, we will employ data mining 

technique for developing multivariate logistic regression (i.e. those metrics which 

show better predictive ability in bivariate LR model, using all those metric we 

develop the model) in both context (binary and multinomial).Consequently, more 

general conclusions would be obtained. 
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THE APPENDIX B: TABLES RELATED TO VALIDATION AND 

EVALUATION 

 

Table3:Descriptive statistics of selected metrics of Eclipse2.0 

 
 Metric Mean Median Std. Dev. Min Max Percentile 

Version 25.00 75.00 

 NOS 74.18 29.00 150.32 0.00 3582.00 9.00 77.00 

 UWCS 15.48 8.00 35.46 0.00 1646.00 4.00 17.00 

 RFC 27.47 14.00 39.57 0.00 596.00 5.00 34.00 

 NLOC 98.20 40.00 201.20 0.00 5200.00 13.00 101.00 

 EXT 17.21 8.00 26.26 0.00 325.00 0.00 22.00 

 MPC 17.21 8.00 26.26 0.00 325.00 0.00 22.00 

 LMC 2.28 0.00 5.76 0.00 194.00 0.00 2.00 

Eclipse2.0 TCC 23.67 10.00 47.99 0.00 1222.00 3.00 24.00 

 CC 28.89 12.00 58.81 0.00 1839.00 5.00 31.00 

 PACK 7.30 4.00 10.24 0.00 146.00 1.00 9.00 

 NOM 10.26 6.00 19.82 0.00 596.00 3.00 12.00 

 LCOM2 82.59 5.00 752.85 0.00 41126.00 1.00 22.00 

 INST 5.22 2.00 20.12 0.00 1050.00 0.00 5.00 

 CBO 3.66 2.00 4.81 0.00 76.00 1.00 4.00 

 MAXCC 4.82 3.00 7.76 0.00 229.00 1.00 6.00 

 FOUT 1.85 1.00 3.14 0.00 69.00 0.00 2.00 

 AVCC 1.89 1.50 1.48 0.00 26.17 1.00 2.40 

 
Table 4: Descriptive statistics of selected metrics of Eclipse2.1 

 

Version Metric Mean Median Std. Dev. Min. Max. Percentile 

       25 75 

 NOS 77.39 30.00 155.97 0.00 3592.00 10.00 79.00 

 UWCS 15.85 9.00 36.31 0.00 1740.00 4.00 17.00 

 RFC 28.94 15.00 42.02 0.00 613.00 5.00 35.00 

 NLOC 102.52 41.00 209.36 0.00 5221.00 13.00 106.00 

 EXT 18.46 8.00 28.23 0.00 335.00 0.00 23.00 

 MPC 18.46 8.00 28.23 0.00 335.00 0.00 23.00 

 LMC 2.45 0.00 6.12 0.00 195.00 0.00 3.00 

Eclipse2.1 TCC 24.61 10.00 49.90 0.00 1226.00 3.00 25.00 

 CC 29.98 13.00 60.90 0.00 1932.00 5.00 32.00 

 PACK 7.59 4.00 10.90 0.00 151.00 1.00 9.00 

 NOM 10.48 6.00 20.50 0.00 613.00 3.00 12.00 

 LCOM2 89.48 5.00 766.44 0.00 43119.00 1.00 24.00 

 INST 5.37 2.00 20.44 0.00 1127.00 0.00 5.00 

 CBO 3.64 2.00 4.87 0.00 76.00 1.00 4.00 

 MAXCC 4.98 3.00 8.13 0.00 229.00 1.00 6.00 

 FOUT 1.82 1.00 3.07 0.00 69.00 0.00 2.00 

 AVCC 1.92 1.50 1.54 0.00 30.50 1.00 2.44 
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Table 5:Descriptive statistics of  selected metrics of Eclipse3.0 

 

 Metric Mean Median Std. 
Deviation 

Minimum Maximum Percentile 

Version 25.00 75.00 

 NOS 74.18 29.00 150.32 0.00 3582.00 9.00 77.00 

 UWCS 15.48 8.00 35.46 0.00 1646.00 4.00 17.00 

 RFC 27.47 14.00 39.57 0.00 596.00 5.00 34.00 

 NLOC 98.20 40.00 201.20 0.00 5200.00 13.00 101.00 

 EXT 17.21 8.00 26.26 0.00 325.00 0.00 22.00 

 MPC 17.21 8.00 26.26 0.00 325.00 0.00 22.00 

 LMC 2.28 0.00 5.76 0.00 194.00 0.00 2.00 

Eclipse3.0 TCC 23.67 10.00 47.99 0.00 1222.00 3.00 24.00 

 CC 28.89 12.00 58.81 0.00 1839.00 5.00 31.00 

 PACK 7.30 4.00 10.24 0.00 146.00 1.00 9.00 

 NOM 10.26 6.00 19.82 0.00 596.00 3.00 12.00 

 LCOM2 82.59 5.00 752.85 0.00 41126.00 1.00 22.00 

 INST 5.22 2.00 20.12 0.00 1050.00 0.00 5.00 

 CBO 3.66 2.00 4.81 0.00 76.00 1.00 4.00 

 MAXCC 4.82 3.00 7.76 0.00 229.00 1.00 6.00 

 FOUT 1.85 1.00 3.14 0.00 69.00 0.00 2.00 

 AVCC 1.89 1.50 1.48 0.00 26.17 1.00 2.40 
 

Table 6: Rotated principal component 
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Table7: Spearman Correlation metrics with size and pre-release faults 

 

 
 

Table8: Binary Bivariate logistic regression of Eclipse2.0 
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Table9: Binary Bivariate logistic regression for Eclipse2.1 

 

 
 

Table10: Binary Bivariate logistic regression for Eclipse3.0 
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Table11: Multinomial Bivariate logistic regression of Eclipse2.0 

 

 
 

Table12:Multinomial Bivariate logistic regression of Eclipse2.1 
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Table13: Multinomial Bivariate logistic regression for Eclipse3.0 

 

 
 

Table14: Binary Multivariate LR model statistics for all three version of Eclipse 

 

 
 

Table 15:Multinomial Multivariate LR model statistics for all three version of 

Eclipse 
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Table 16:Summary of Hypothesis 

 

 
 

Table 17: Evaluation result of the performance of Binary Bivariate LR model for 

Eclipse2.0 
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Table 18: Evaluation result of the performance of Binary Bivariate LR model 

Eclipse2.1 

 

 
 

Table 19: Evaluation result of the performance of Binary Bivariate LR model 

Eclipse3.0 
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Table 20: Evaluation result of the performance of Multinomial Bivariate LR 

model for Eclipse2.0 

 

 
 

Table 21: Evaluation result of the performance of Multinomial Bivariate LR 

model for Eclipse2.1 

 

 
 

Table 22: Evaluation result of the performance of Multinomial Bivariate LR 

model for Eclipse3.0 
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Table 23: Evaluation result of the performance of Binary Multivariate model LR 

for all 3 version of Eclipse 

 

 
 

Table 24: Evaluation result of the performance of Multinomial Multivariate LR 

model for all 3 version of Eclipse 

 

 
 


