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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:

o The set of metrics cover all aspects of OO design.

o 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 0O(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

Version Min 0.25 0.50 0.75 Max
Eclipse2.0 1.00 9.00 18.00 29.00 69.00
Eclipse2.1 1.00 6.00 12.00 18.00 24 00
Eclipse3.0 1.00 9.00 18.00 26.00 43.00

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 (P;), called PC out of a given set of
variables Xj’s =1, 2,.. k)

P =b, X, +b,X, +...4+b, X,

P, =b,, X, +0,,X, +...+ b, X,
P, =b, X, +b,X, +...+b, X, 1)

All bjj’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 = O represents the corresponding class have no fault.
Assume that Xj, X, . .., Xn represents the independent variables (i.e. the metrics in
this study) and Pr(Y = 1|x3, Xz, . . ., Xp) represents the probability that Y = 1 when X; =
X1, X2 = X, . . ., and X,= Xn. Then, the logistic regression model assumes that Pr(Y =

1|X1, Xo. . . Xp) is related to xi, Xo, . . ., Xn by the following equation:
ezx+ﬂ1xl+‘..+ﬁnxn
PreY =1| X, Xy, X)) = ———————
( | Xl 2 ) 1+ eo:+ﬂ1xl+...+ﬂnxn (2)
Where Bis 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:

f(k,i)= Bo + By XX + By XX ot By X Xy 3)

Where, Buy is a regression coefficient associated with the m™ explanatory
variable and the k™ 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:

f(k,i) =B, xx, @

Where, By 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 Xy, Xy, .., X, 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:

ﬂ”: emax/emin (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 (ai’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, . ., Py). It is written as the probability of the product of
the independent variables:
L = prob(P,x P, x...x P.) ©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:

R2 -1 LL(a,B)

LL(a) (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.

35 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.

TP+TN
Accuracy =
TP+TN+FP+FN (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.,/5.0811.854, 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:

. PC1l: 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*” and “OR” report the R? and the odds ratio. OR>1 suggest that
metrics are associated with higher odds of outcome (i.e. fault proneness).R? is known
as the coefficient of determination. R? 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? 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.

45  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:

Q 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% t076% 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
(ie. 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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APPENDIX A: OBJECT ORIENTED- METRICS DEFINITIONS

Metric Metric desoription Ref.
NOS Mumber of statements in the clazs [l
UWCS Unweighted Class Size [UWCS) of the class ]
CC Clazs Complexity [28]
RFC Response For Class [RFC) metric for the class [28]
MLOC Mumber of lines of code in the class and its methods [28]
EXT External methodscalled by the class and by methods in the class [28]
M PC M e=zage passing [MPC) metric for the class [20]
LMC Local methods called by the classand by methods in the class ]
TCC Total McCabe's cydomatic Complexity for the class [4]
PALCK FPackagezimported by the class ]
MO Number of methods in the class [4]
LCOM2 Lack of Cohesion of Methods [ 2) (LCOM 2) metric for the class [19]
INST Instance variables defined by the class [9]
CBO Coupling Between Objects (CBO ) metric for the class [20]
M AXCC Maximum McCabe's oyclomatic Complexity for all of the methods in the dass [4]
FOUT Fan Out [Efferent coupling (Ce) ) metric for the dass [=2]
AVCC Awerage MoCabe's oyclomatic Complesity for all of the methods in the class [4]
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THE APPENDIX B:

EVALUATION

TABLES RELATED TO VALIDATION

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 1[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 10.00{1127.00|0.00| 5.00

CBO | 3.64 | 2.00 4.87 10.00] 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 [MeanMedian| Std. |Minimum|Maximum| Percentile
Version Deviation 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 1(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| 2.00 481 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
Eclips=2. Eclips=2.1 Eclips=3.0
— - — - o 1806 — - j.3533 T:S-'i- — = - o 1.878
Eigenwvalves |5.081 3864 2.608 456 41356 4864 4362 2434
B kB s EE i B vy
Z:GS 0.612 0.463 0.522 0.133 0.608 04935 0.508 0.138 0.591 0.53 0486 0.118
-
RFC 0.542 0.723 0.269 0.261 0.523 075 0.245 0.233 0.503 0.772 0.23 0.233
-
LMC 0.547 0.604 0212 0.078 0.5307 0.67 0.1% 0.036 0478 0655 0.187 0.071
TCC 0.66 0.407 0.524 0.177 0.636 0.435 0.512 0.139 0.638 048 0485 0.141
—
LCOM2 0.754 0.121 0.033 0.063 074 0.168 0.03 0.063 0.751 0.169 -0.007 0.087
—_—
MAXCC 0.175 0.203 0.89 0.032 0.1591 02 0.891 0.051 0181 0213 0.895 0.047
—
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Table7: Spearman Correlation metrics with size and pre-release faults

ECLIPSE2
VERSION ECLIPSE2.0 ECLIPSEZ.1 A
METRICS MNLOC FRE NLOC FRE NLOC FRE
NOS 0.993 0.323 0.993 0364 0.994 0.363
WCS 0.855 0.245 0.857 0.285 0.862 0.32
cC 0.953 0.291 0.954 0.335 0.958 0.351
RFC 0.929 0.354 0.93 0.373 0.932 0.366
EXT 0.884 0.358 0.887 0.383 0.89 0.36
MPC 0.884 0.358 0.887 0.383 0.89 0.36
LMC 0.792 0.304 0.799 0.324 0.799 0.321
TCC 0.932 0.31 0.934 0.335 0.936 0.345
PACK 0.638 0.346 0.652 0.377 0.663 0.345
MOM 0.836 0.277 0.839 0.287 0.838 0.314
LCOM2 0.598 0.249 0.607 0.218 0.615 0.266
INST 0.629 0.136 0.636 0.199 0.658 0.246
CBO 0.33 0.179 0.845 0.144 0.343 0.157
MAXCC 0.841 0.292 0.341 0.327 0.849 0.315
FOUT 0.424 0.238 0.43 0.196 0.418 0.2
AVCC 0.76 0.267 0.761 0.296 0.764 0.27

Table8: Binary Bivariate logistic regression of Eclipse2.0

Version
> ECLIPSEZ.D
- %0 of
ME“ICS‘L Size cases
Coeff.(p- coeff{p- correctly
Const value) AW value) Size AW R? classified
NOS -0.78] 007000 1.007 - 0.998 0.073 64.4
L002(.124)
UTWCS -0.793]  003(.000) 1.003] _003{.000) 1.0:03 0.07 642
CcC -0.786] 00200000 1002 003(.000) 1.002 0.069 642
RFC -0978]  0220.000) 1.022 - 001007} 0900 0.11 66|
EXT -0.926] .025(.000) 1.026| L000{.349) 1 0.112 66.1
MPC -0.926] .025(.000) 1.026] .000{.349) 1 0.112 66.1
LAIC -0.786] 011000} 1.084] _002{.000) 1.002 0.081 633
TCC -0.784] .004.147T) L.004| 002(000) 1.002 0.069 64.3
PACK 1122 067000 1.O7] .002(.000) 1002 0.147 67
NOM -0.812]  0104.003) 1.01] 003(.000) 1.0:03 0.071 642
LCOM2 -0.773] 000064) 1| 003000} 1.003 0.07 64.3
INST -0.782] .000(.96T) 1| .002{.000) 1 0.069 64.3
CBO -0.878] 035({.000) 1.036] 003{.000) 1.0:03 0.073 64.6
MANCC -0.848] 03100000 1.031) 00200000 1.002 0.073 64.5
FOUT 0907 1104.000) 1.116] 003000} 1.002 0.084 63
AVCC 1013 130000 1.172) 00300000 1.0:03 0.079 64.5




456

Table9: Binary Bivariate logistic regression for Eclipse2.1

Dipti Kumari and Kumar Rajnish

Version
> ECLIPSE2.1
. o9 of
MEt"cs‘L Size cases
Coeff.(p- coeff{p- correctly
Const value) Ay value) Size AW R? classified
NOS -1.465 L0 G (. 00Dy 1.006] .000.7T29) 1 0.126 75.1
UWCSs -1.467 - 0.999] .005{000) 1.005 0.124 752
001(39T)
L “1.471) 00O D0y 1] OO 000y 1004 0.124 751
RFC -1.678| .022(.000) 1.022] .000.959) 1 0.165 76
EXT -1.63] .028(.000) 1.028] .001(.001) 1.0:01 0.176 76
MPC -1.63] 028 000} 1.028] .001{.001) 1.0:01 0.176 76
LMC -1.467] 062(.000) 1.064] 0030000} 1.003 0.13 753
TCC -1.47] .002(.464) 1.002] .004{000) 1.0 0.124 75.1
PACK -1.878] O73(.000) 1.07a] 0020 000} 1.0:02 0217 T6.6
NOM -1.468 - 0.999] .00S5(.000) 1.005 0.124 75.1
001(.598)
LCOM2 -1.48] 0000004 1| 003000 1.0:05 0.124 T3
INST -1.469 - 0.999] .004{000) 10004 0.124 TS.2
001(.656)
CBO -1.484| .005(.383) 1.005] .004{.000) 10004 0.124 75.1
MANCC -1.566] 0410000 1.041] 003(.000) 1.003 0.151 73
FOUT -1.485| .015(.159) 1.015] .004{000) 10004 0.1Z24 75.1
AVCC -1.776] 196 000) 1217] 003{.000} 1.0:03 0.139 748
Tablel0: Binary Bivariate logistic regression for Eclipse3.0
Version
= ECLIPSE3.0
. 24 of
Metrics
‘L Size cases
Coeff.(p- coeff.(p- correctly
Const. value) JAW value) Size AW R? classified
NOS -1L.437| .00L(.570) 1.001| 004003} 1.0 0.124 74.9
UWCs L4711 0070000 1007 0040000 1.004 0.123 74.8
CC -L451]  0060.005) 1.006| 003000} 1.0:03 0.123 749
RFEC -1.584] 0170000 1.017] 000007 1.001 0.148 73
EXT -1.535] 01% 0000 1019 002000} 1002 0.147 73
MPC -1.535] 01% 0000 1019 002000} 1002 0.147 73
LAC -1.433] 0330000 1.034] 004 000) 1004 0123 7409
TCC -1.439] .003(.308) 1.003| 004000} 1.004 0.124 T74.9
PACK -1.724] 05320000 1.055] _003{.000) 1.0:03 0.18 735
NOM -1.467] 009 003) 1.01] 004{.000) 1004 0123 749
LCOM2 145 000000 1] 0030000 1.003 0.125 748
INST -1.448]  0040035) 1.004] 00400007 1.0:04 0.124 748
CBO -1.301] 02300000 1.024] 0040000 1.004 0.126 749
MAXCC -1.512] 03300000 1.034] 0040000 1.004 0.128 749
FOUT -1.311) 0680000 1071 0040000 1.004 0.13 74.8
AVCC -1.642] 13300000 1.143) 0040000 1.004 0.151 747
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Tablell: Multinomial Bivariate logistic regression of Eclipse2.0

Metric Const Coeff.(p-valus) aw size coeff.(p-value) sizalT R’
Nom Low Mlid High |MNomi| Low | Mid | High |Nomi| Low | Mid | Hizh |Nomi| Low | Mid | Hizh |Nomin| Low | Mid | Hizh classifis
NOS -0.826] -4.0%0] -5.783| -6.540| 0.006| 0.011] 0.012] 0.012| 1.006| 1.011| 1.012f1.012 . -| 004 -| 0.598] 0.596]0.596] 0.9%6] 0.078 63.300
(000 000|000y ¢.000) o02¢| .oosc| o oos
158)) 043 174

UWCS | -0.841] -4.104

-6.524] 0.002] 0.005] 0.006] 0.005] 0.002] 0.000] 0.002]0.002| 0.003] .004(| 004 ] .004(| 1.021] 1.027] 1.027] 1.027] 0.075] 63.100

(.194)] .018)]¢.016)] (.098)) coo)| ooy ooy ooo))
cC 0832 4088 -6.499| 0.001] 0.004] 0.003] 0.003] 1.001] 1.004| 1.005|1.003| 0.003 0.003[ 0.003] 0.004] 1.003] 1.003| L.003| 1.004] 0.073] 63200
(477 (013|051 (426) (.000)| ¢.00m|.000)| (. 000)
RFC 0598|2736 6.685 0.020] 0.038] 0.043] 0.041] L.o21[ 1.038 L.o42|1.042 ] I -003[ -00z| o.993] 0.2e8|0.857[ 0.59s| 0.128] 64100
(.000)] ¢ 000|000y (.000) ) 0.001| 0.002
EXT 0.948| 2678 6.661 0.051] 0.052| 1.021] 1.038] 1.042[1.040] 0.000] 0.000] 0000 0.000] 1.025] 1.045] 1.050| 1.052] 0.130] 64200
)| coom (.ooo) (322)| (265)| 647 (241)
MPC 0.948| 2678 6.661 0.051] 0.052| 1.021] 1.038] 1.042[1.040] 0.000] 0.000] 0000 0.000] 1.025] 1.045] 1.050| 1.052] 0.130] 64200
)l coom cooo) (32| co65)| (647 (941)
LMC 0.827| -2.180] -5.861 075 0.120] 0.189] 0.008[ 0.010] 0.013[0.013] 0.002] 0.001] 0.002[ 0.000] 1.002| 1.001] 1002|0898 0.052[ 63 600
(.000)] (.00m|(.000)| (.000), (.000)] (.001)|( 004} (910))
TCC 0830 -2.086 -3.804] -6.507] 0.003 0.008] 0.013[ 0.008] 1.003[ 1.008| 1.013|1.008[ 0.002| 0.003[ 0.002| 0.003| 1.002] 1.003[1.002] 1.003| 0.073 63000

(223 025|003

(000)| (.000)|.com)| (.o00)|

PACK -1.130) -5.262] -7.348] -B.178] 0.064 0.121) 0.133] 0.135] 1.066] 1.125| 1.143] 1.144] 0.002] 0.002] 0.003] 0.003] 1.002| 1.002 1.003] 1.003] 0.177) 65.100

(.000)] ¢ 000|000y (.000) (.000)| ¢.00m|.000)| (. 000)
NOM | 0857 2134 5.843| -6.574| 0.010] 0.016] 0.018[ 0.017] 1.010] 1.016| 1.018|1.017] 0.003| 0.003| 0.003| 0.004| 1.003] 1.003] 1.003] L.oos| 0.077| 63 100
(.009)] (.00m| (000} (.002) (.000)| (.00m|(.000)| .000)

LCOM2| -0.822] -4.041

-6.463] 0.000] 0.001| 0.000] 0.001| 1.001| 1.001) 1.000] 1.001| 0.003] 0.004| 0.004] 0.004| 1.003| 1.004| 1.004] 1.004] 0.076| 63.100

(079)| (012)](.042)] (.012)) (000)| (.000)|.com)| (.o00)|

INST 0.828] <074 -6.431] 0.000] 0.002] 0.003] 0.c00] T.ooo] 1.002] 1.003[1 000] 0003 0.004f 0.005] 0.00s] 1003 1oos] Toos] Loos] o074l 63 200
(861 (408)|(411)] (.987)] (000)| (.000)|.com)| (.o00)|

CBO 0920] <178[ -6.072| -6.943] 0.034] 0.041] 0.077| 0.089] Loz1| 1.014| 1.047[ 1 056] 0-003 0-00¢| 0.002| v.00<] T.003[ 1 oo4] Too4] 1ooe| v0s1] 63 300
(.000)| (.003)](.000)| (.000)| (.000)| (.000)|(.com)| (.o00)|

MAXCC| -0.85%6

0.031] 0.030] 0.016] 0.018] 1.032] 1.030] 1.016| 1.018] 0.002] 0.004] 0.004[ 0004 1.002| 1.004] 1.004| 1.002| 0078 63 200
(.000)] (.003)| ¢ 390y (354) (.000)| ¢ 000|000y . 000)
FOUT | 0852 2220] 5.847 -6.785| 0.108| 0.125] 0.121] 0.161] 1.115| 1.134| L. 0.002| 0.004] 0.004] 0.004] 1.002| 1002|1002 1.002] 0.088[ 63 600
(.000)] ¢ 000|000} (.000) (.000)| ¢ 000|000y (. 000)

,_.
I
[¥]
)
T

avee | -1om2] <1es[ 5727 6537 0.165] 0.085] 0.028] 0.061] 1.128] 0.968] 0.795[ 0.775] 0.002] 0.004] 0.004] 0.004] 1.002[ 1.003] 1.003] 1.003] 0.084] 63 100
(.000)| (.000)](.000)| .000)| (000)| (.000)|.com)| (.o00)|

Table12:Multinomial Bivariate logistic regression of Eclipse2.1

Meiric Const Coeff(pvalue) W size coeff.(p-raluc) sizel¥ R |%ofcases

correctly

Nom Low Mid Mg Heh | Nomsal | Low Mid Hih | Nomndl | Low Mid Heh | Nomnal | Low Mid Hizh classified

NOS -1314] 4633 6289 (. D -008C000)| .012(000) 1003 1.003 1.004] 1.004] .000(.693)) (.702)] -003(.342)] 1.000} 1.000) 0.599] 0.997) 0.132] 74100
uwes -131§] 4688 6273 (. .001¢.883)] .000(.349)} 0.959) 1.000 1.001 T000| 004(.000) ) (. 006(.000)| 1.004] 1.00§ 1.00§ 1.008 0.129) 74100
cc sl 4es3| 6275 7s0if oooesef ooucreo) ooaa33) oongess)  Loo) 100 100 Lo01| ooscoo0)| ooe(oo0)] oos(oon)| coscoon)  1oosl 1008 1006} Loos| ons[  7400)
REC -3.184) 1102 -8.878( 021(.000)) .030(.000)( .035C000)| .036(000) 1021 1.030 1033} 1.036) .000(849)| 000(491) 000(308) 000($73)) 1.000} 1.000) 1.000 1000 0.177] 74300
IXT -3.189) 1118 027(.000){ .035(.000)| .043(000)| .037(.000)| 1027 1040 1046} 1.058| .001(003)| .001(.000){ .001(.0003( .000(.688)) 1.000} 1.00]] 1.000 0.958| 0.187, TAT00)
MPC 5T AT 027c000)] o3co00)| oascoon)| os7coon| Loz 1.040) 104 10se[ o01co03) oo1coon| oo1cooos ooocsss) Lo 1.00] Loo| oses| o1 7aT0q)
LMC -1513) 4723 6338 7963 (. 0240.000)] 090¢.000)) 1061 1081 1.099) 1.094) 0.0030000)] 00400000 004(.000)[ 004(.000)) 10034 1.004] 1.004] L004| 0.13§ T4
TcC -1319) 4663 6328 1872 (. 0100012)| .002(843)| 1001 1.004] 1.010f 1.002] .004(000)] .004(.000)] .004(.000)( 006(.000)| 1.004] 1.004] 1.004] 1.006 0.130 74100
PACK -1508] 3471 18| -9.006 ( 101(000)| 106(000) L074) 1101 1106} 1112| 0020000)| O004(000) 004(.000)[ 004(000)) 1.0024 1.004] 1.004] 1004 0223 73.300)
NOM EEE B B o0s48)| ooussf  ose7 100 100 Lo01f 005¢000)| 00e(000)| 006(000)| 006(000)  1.003] 1006} 1006} Toos| o130 74200)
LCOM? -1.330) -4.68]] -6.274] -7.89] (. 000(.003)| .000(.018){ .000(.095)} 1000 1.000 1.000} 1.000] .005C000)| .006(.000)] .006(.000)( .006(.000)| 1.0031 1.006 1.00§ 1.006 0.130 74.200)
INST BEE -4.683) 6234 7502 -.001(670)] -.001(810){ -.001(637)| .000(963) 0.959) 0.999) 0.9 T000| 004(.000)] .006(.000)] .006(.000)( .006{.000)| 1.004] 1.00§ 1.00§ 1.006 0.129 74.200)
CBO s agso] easa] sasa] oonsss)] osicoos| osscoon] o7scooo]  Lool] 1031 104 1075 o0acoo)| ooecooo)] ooscoo)] cosoon) 1004l 1008 1.006) Loos| 0132 7400)
MAXCC -1619) 4730 6307 -7.693( 042(.000)) .025(003)( .023(083)| -.023(720) 1043 1029 10234 0.877] 0030000)| .003(000)] .003(000) 006(.000)) 1004 1003 1008 1006 0.137 74100
Four -1328 4737 6333 -B.195( 011(347)) .043(007)f .030(023)| .083(.000) 1011 1.044] 10514 1.087| .004(000)| .006(.000)] .006(.000)( .006(.000)) 1.004] 1.00§ 1.00§ 1.006 0.131] 74.200)
AVCC -1833] 4838 -§439 -7863( 202(000)) 125(012)f .134(130)| -.043(866) 1223 1138 1144 0936 003(000)| 003(000)] 005(.000)( 008(000)) 1.003) 1.00 1.003 1.008 0.144| 74100




458

Dipti Kumari and Kumar Rajnish

Tablel3: Multinomial Bivariate logistic regression for Eclipse3.0

Metric Const Coeff (p-ralue) aw size coefE (p-value) sizel® R [ %ofcases
Mid High Nominal Lov | Mé High Vomigal | Low Mid High Nominal Low Mig Hizh Nominal Lov | & | Haeh :ﬁ::

¥os S| ooi(ss| o] ooscoso| o] ieol| 1o Tooq] To02] oaceon| ooceos| o Tom| Too|  oim| e

TWES | oTiceon)| ooecaz0) 1007 1010 To1] 1005] 004(000)| 003(000)| 00 05(000) T004| 1003 CRER LT

cC 7501] 005(008) cm(nu;m 1009 To10 1005] 003(000)| 003(000)| 003(000)| 002(000)] 1003 [RER R

REC S417| 017(000)] 0280000 025(000)| 026¢000) Lo T3 1023 1027] 001C008)| 001(06%)| 001(306) 001(01S)| 1001 100]

X 5631] 019(000)| 0320000)| 027(000)| 034400) e 1032 1077 1033 002(000)| 002(000)| 002(00M)| 003(000)| 100] 1003

mC S eT1[ 019(000)| 032000)| 037000)| 0340000 Ton o7 Tor] D e e e . To03

TiC 7531 032000)] 0500000 036(001) 1033 T05] 1057 1053] 004C000)| 004(000)| 00a(000)| 003(000)| To04] 1004 1004 1005

TCC 08C022)|012(003) 100 Toos| Lo 1%%% 003(000)|_003(000)| To0| 1004 E 1003]

FACK oR1C000) Toa[ 107 | e D L L e D

NOM 5(000) 1003 1015 To7 004C000)| 003(000)] 003(000)| 003(000)| T004] 100 100 1005

TCONE 000(000)] - 1000 1000 1000 )| 006000 ooscoom| 007000 1005 1004 100 100

T 3 Tooi|  1o% Tomg] D D e e I I |

CBO 1o2] 1050 1053 004(000)| 003(000)] 003(000)| 006(000)| T004] 1004 1004

YARCC 103 1077 105 T025_0050000)| 005(000| 0. 005(000)

TouT o%7C000) o Too Toa1] ‘“fl Goacoon| oosce0o)| o0 5980000 o]

AVCC 1683 205(.000)| 1144] 1.100) 1227 L131]004(000)] 003000)| 005(000)| 006600 1.004] 1.003] 1.003] 1008

Tablel4: Binary Multivariate LR model statistics for

all three version of Eclipse

Eclipse2.0 Eclipse2.1 Eclipse3.0

Metrie B 3E sE Metrie B 3E sE Metrie B 3E iz
NO& 0.003 0.001 0.012 uweCs -0.007 0.004 0.045 AVCC 0.122 0.02 0
PACK 0.064 0.004 0 RFC 0.006 0.002 0.004 TWiCs 0.011 0.002 0
CBO 0.01% 0.008 0.017 cc 0.01 0.004 0.007 PACK 0.056 0.004 0
FOUT 0.073 0.015 0 MAXHCC 0.025 0.007 0 FOUT 0.041 0.0153 0.001
AVCC 0.115 0.023 0 NLOC -0.003 0.001 0.003 TCC 0.007 0.002 0
NLOC -0.002 0.001 0.011 PACK 0.068 0.004 0 CBO 0.015 0.007 0.023
Constant -1.443 0.057 0 Const -1.566 0.047 0 Const -2.085 0.051 0

Table 15:Multinomial Multivariate LR model statistics for
Eclipse

all three version of

Eclips=2.0 Eclips=2.1 Eclips=3.0

Metric B SE Sig Metric B SE =g MMetric B SE Sig
NOM 0.014 0.006 0 AVCC 0.137 0.03 0 cC 0.011 0.002 0
AVCC 0.136 0.033 0.027 HNOS 0.003 0.002 0.026 MPC -0.017 0.003 0
NOS 0.004 0.001 0.004 PACK 0.067 0.003 0 FOUT 0.044 0.013 0.001

Nominal |FACK 0.063 0.005 0 NLOC -0.003 0.001 0.002 RFC 0.014 0.004 0.002
CBO 0.018 0.008 0.025 TCC 0.00% 0.004 0.021 PACK 0.036 0.004 0
NLOC -0.002 0.001 0.014 Constant -2.167 0.064 0 AVCC 0115 0.026 0
FOUT 0.076 0.016 0 Constant -2.113 0.056 0
constant -15 0.062 0

Low NOS 0.01 0.004 0.018 PACK 0.079 0.008 0 cC 0.01% 0.004 0
PACK 0113 0.009 0 RFC 0.012 0.004 0.004 LMC -0.044 0.018 0.016
NLOC -0.009 0.003 0.003 CBO 0.037 0.018 0.033 PACK 0.066 0.007 0
LMC 0.041 0.02 0.044 Constant -5.881 022 0 Constant -6.541 0.267 0
MAXCC 0.04 0.014 0.006
Constant -5.217 0.268 0

Mid PACK 0.124 0.013 0 PACK 0.071 0.011 0 CEO 0.084 0.023 0.001
CBO 0.07% 0.022 0 RFC 0.024 0.007 0 PACK 0.085 0.005 0
NLOC -0.017 0.007 0.02 CBO 0.069 0.022 0.002 AVCC 0279 0.127 0.028
TCC 0.03% 0.01% 0.043 Constant -8.1 0513 0 Constant -8.762 0.501 0
Constant -6.861 0.703 0

High PACK 0.135 0.018 0 NOM -0.241 0121 0.047 cC 0.024 0.007 0.001
CBO 0.05% 0.036 0.007 HNOS 0.041 0.017 0.017 PACK 0.089 0.011 0
LMC 0112 0.044 0.01 PACK 0.076 0.028 0.007 Constant -8.691 0.502 0
FOUT 0.102 0.05 0.042 RFC 0.061 0.021 0.005
Constant -8.983 1.056 0 NLOC -0.035 0.013 0.018

Constant -7.364 1334 0
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Table 16:Summary of Hypothesis

Hypothes|Accepted| Rejected
is JMull
Hypothes
is
accepted
H1 -
H2 A
H3 -
H4 !
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Table 17: Evaluation result of the performance of Binary Bivariate LR model for

Eclipse2.0
Metric+N |TP FN FP TN SENSITIVI|1- AUC Accuracy
LOC TY SPECIFICI

TY
NOS 3833 253 2115 447 0.174 0.062 0.556 64.38
UWCs 3833 253 2124 438 0.171 0.062 0.555] 64.245
cc 3829 257 2120 442 0.173 0.063 0.555] 64.245
RFC 3739 347 1916 646 0.252 0.085 0.584 65.96
EXT 3738 348 1905 657 0.256 0.085 0.586 66.11
MPC 3738 348 1905 657 0.256 0.085 0.586 66.11
LMC 3814 272 2037 525 0.205 0.067 0.569] 65.268
TCC 3832 254 2120 442 0.173 0.062 0.555 64.29
PACK 3661 425 1763 793 0.31 0.104 0.603] 66.998
NOM 3832 254 2123 439 0.171 0.062 0.555] 64.245
LCOM2 3849 237 2134 428 0.167 0.058 0.555] 64.335
INST 3833 253 2120 442 0.173 0.062 0.555] 64.305
CBO 3829 257 2098 464 0.181 0.063 0.559] 64.576
MAXCC 3800 286 2072 430 0.191 0.079 0.561] 64.531
FOUT 3797 289 2040 522 0.204 0.071 0.567] 64.967
AvCC 3761 325 2038 524 0.205 0.08 0.562] 64.455
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Table 18: Evaluation result of the performance of Binary Bivariate LR model

Eclipse2.1
Metric+N | TP N FP FN SENSITIVI|1- AuUC Accuracy
LOC TY SPECIFICI

TY
NOS 5521 333 1769 174 0.158 0.031 0.564 75.08
UWCs 5529 333 1769 166 0.158 0.029 0.565| 75.183
cc 5528 328 1774 167 0.156 0.029 0.563] 75.106
RFC 5460 464 1638 235 0.221 0.041 0.59] 75.978
EXT 5440 485 1617 255 0.231 0.045 0.593] 75.991
MPC 5440 485 1617 255 0.231 0.045 0.593] 75.991
LMC 5515 368 1734 180 0.175 0.032 0.572| 75.452
TCC 5530 327 1775 165 0.156 0.029 0.563] 75.119
PACK 5411 561 1541 284 0.267 0.05 0.609] 76.594
NOM 5527 329 1773 168 0.157 0.029 0.564] 75.106
LCOM2 5523 331 1771 172 0.157 0.03 0.564 75.08
INST 5529 331 1771 166 0.157 0.029 0.564] 75.157
CBO 5527 328 1774 168 0.156 0.029 0.563] 75.093
MAXCC 5508 342 1760 187 0.163 0.033 0.565| 75.029
FOUT 5529 330 1772 166 0.157 0.029 0.564] 75.144
AVCC 5477 357 1745 218 0.17 0.038 0.566| 74.824

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

Eclipse3.0
Metric+M | TP T FE FM SEMNSITIVI] 1- AUC Accuracy
LOC 1A SPECIFICI

1A
NOS 7400 465 2413 226 0.162 0.03 0.566 74.876
UWcCs 7392 468 2410 234 0.163 0.031 0.566 74.829
cc 7407 457 2421 219 0.159 0.029 0.365 74.867
RFC 7328 547 2331 298 0.15 0.039 0.575 74.971
EXT 7318 555 2323 308 0.193 0.04 0.576 74.952
MPC 7318 555 2323 308 0.193 0.04 0.576 74.952
LMC 7394 473 2405 232 0.164 0.03 0.567 74.895
TCC 7400 464 2414 220 0.161 0.029 0.566 74.924
PACK 7273 659 2219 353 0.229 0.046 0.591 75.514
NOM 7398 465 2413 228 0.162 0.03 0.566 74.857
LCOM2 7390 467 2411 236 0.162 0.031 0.566 74.8
INST 7397 465 2413 229 0.162 0.03 0.566 74,848
CBO 7401 468 2410 225 0.163 0.03 0.567 74.914
MAXCC F382 482 2369 244 0.167 0.032 0.568 75.06
FOUT 7394 465 2413 232 0.162 0.03 0.566 74.819
AVCC 7369 481 2397 257 0.167 0.034 0.567 74.733
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Table 20: Evaluation result of the performance of Multinomial Bivariate LR
model for Eclipse2.0

MetricsN TRUE FALSE SENSITIVITY 1-SPECIFICITY AUC Acturacy

LOC | Mom. | low | mid | high | Nom. | low | mid | high | Nom. | low | mid | high | nom | low | mid | high | nom [ low | mid | high Nom. low mid high
NOS bl 3 0 0 261 3 0 0 0.14 0.33 0.58 0.58 0.07 0.09 0.09 0.09 0.6 0.75 0.75 63,39 38.26 3821 3821
UWGS | 326 2 0 0 286 2 0 0 0.14 0.38 0.58 0.66 0.07 0.09 0.0 0.09 0.65 0.75 0.5 63.06 58.13 58.15 58.15
o n 2 0 0 280 2 0 0 0.14 037 034 0.67 0.07 0.09 0.09 0.09 0.34 0.64 0.73 0.5 63.16 B4 5811 5811
RFC 47 3 1 0 403 10 0 0 0.20 0.65 0.71 0.75 0.10 0.13 0.13 0.14 0.35 0.76 0.73 0.51 37,93 3083 3080 30.78
er 508 2 0 0 410 8 0 0 0.1 0.63 0.67 0.7 0.10 0.13 0.14 0.14 0.56 0.7 0.77 0.81 .38 56.75 56.72 56.72
MPC 509 2 0 0 410 2 0 0 0.1 0.63 0.67 0.5 010 0.3 0.14 0.14 0.7 0.7 0.1 6433 56.75 56.72 36.72
LMC n 3 0 1 315 3 0 0 0.15 0.43 058 0.67 0.08 0.10 0.10 0.10 0.70 0.74 0.5 6354 5751 51.87 57.8
T 35 2 0 0 263 3 1 0 0.14 0.34 0.0 0.67 0.07 0.09 0.09 0.09 0.64 0.0 0.7 63.00 3814 3811 3811
PACK 611 9 0 0 480 16 0 0 0.26 0.30 0.75 0.75 0.12 0.16 0.17 0.17 0.57 0.33 0.81 0.80 6452 55.87 5.13 5.13
NOW ] 2 0 0 26 3 0 0 0.14 041 034 0.67 0.07 0.09 0.09 0.09 0.3 0.66 0.73 0.5 6.1 58.26 8.3 8.3
LCOM2 | 313 3 0 0 272 4 0 0 0.13 0.40 0.54 0.67 0.07 0.08 0.09 0.09 0.3 0.66 0.73 0.7 63.06 8,39 3833 3833
INsT n 2 0 0 m 2 0 0 0.14 0.37 0.0 0.67 0.07 0.09 0.0 0.09 0.34 0.64 071 0.5 63.16 58.04 58.1 58.1
(B0 e 1 0 0 285 3 0 1 0.14 0.39 058 0.67 0.07 0.09 0.09 0.09 0.34 0.65 0.75 0.5 6333 58.20 58.13 58.18
MAXCC | 361 1 0 0 312 2 1 0 0.15 0.36 053 0.58 0.07 0.10 0.10 0.10 0.34 0.63 0.74 0.74 03,15 .13 11 317
FouT 9 2 [ 0 330 3 0 0 017 045 0.63 0.75 0.08 0.10 0.11 0.11 0.54 0.67 0.7 0.82 63.55 5767 5764 5764
AVCC 462 1 0 0 356 4 0 0 0.17 0.38 0.0 0.58 0.09 01 0.1 0.11 0.34 0.64 0.63 0.3 64.02 51.08 51.07 51.07
Table 21: Evaluation result of the performance of Multinomial Bivariate LR
model for Eclipse2.1

MetriceN TRUE FALSE SENSITIVITY 1-SPECIFICITY AUC Accuracy

LoC | Nom. | low mid high | Nom. | low | mid high | Nom. | low | mid high | nom low | mid high | nom low | mid high Nom. low mid high
NOS 7 5 0 0 it 10 0 0 0.12 042 0.61 0.8 0.04 0.05 0.06 0.0 0.34 0.69 0.7 0.8 1% T4 7108 7108
e | 4 0 0 il 10 0 0 0.12 040 0.61 0.67 0.0 0.05 0.06 0.06 0.34 0.67 078 0.80 H 7113 .13 [iBE]
o 226 4 0 0 21 9 0 0 0.12 0.40 0.61 0.67 0.04 0.05 0.06 0.06 0.34 0.67 0.78 0.80 7403 7118 7113 7113
REC 34 3 1 0 21 1 2 0 0.17 0.36 075 | 33300 | 005 0.07 0.07 0.08 0.56 0.73 0.86 0.38 8 043 045 045
24 35 2 0 0 B vl 0 0 0.19 0.36 0.75 0.83 0.06 0.08 0.09 0.09 0.57 0.74 0.84 0.88 U .19 n n
MPC 3% 2 0 0 314 12 0 0 0.19 0.36 0.7 0.83 0.06 0.08 0.09 0.09 0.57 0.74 0.84 0.88 A1 .19 017 017
LMC 260 2 0 0 a1 9 0 0 0.14 046 0.61 0.83 0.4 0.06 0.06 0.06 0.55 0.7 0.77 0.88 .36 05 .03 .03
o 4 4 0 0 205 9 1 0 0.12 0.33 0.61 0.67 0.04 0.05 0.06 0.06 0.34 070 078 0.1 Hor 5 .18 7.1
PACK 44 4 0 0 43 1 0 0 0.2 0.60 0.75 100 0.06 0.09 0.10 0.10 0.38 0.7 0.8 0.95 5.2 63.50 69.85 69.85
NOW 230 3 0 0 207 11 0 0 0.12 0.40 0.61 0.67 0.04 0.05 0.06 0.06 0.34 0.67 0.78 0.80 7411 . 7116 7116
Lomz | 337 5 0 0 m 9 0 0 0.12 0.33 0.61 0.67 0.04 0.05 0.06 0.0 0.34 0.67 0.7 0.80 Hu i .10 .10
ST 3 5 0 0 0 10 0 0 0.12 040 0.61 0.67 0.0 0.05 0.06 0.06 0.34 0.67 078 0.80 Hu L%l T4 T4
(B0 27 3 0 0 208 10 0 0 0.12 0.40 0.61 0.67 0.04 0.05 0.06 0.06 0.34 0.67 0.78 0.81 07 . 7116 7116
MAXCC | 249 5 0 0 m 9 0 0 0.13 0.33 0.61 0.67 0.04 0.06 0.06 0.0 0.55 0.67 0.7 0.80 Ho7 54 087 087
FOuT 3 5 0 0 0 8 0 0 0.12 0.39 0.61 0.67 0.0 0.05 0.06 0.06 034 0.67 078 0.80 ELSE] nn 7L16 7L16
AVCC 258 [ 0 0 29 11 0 0 0.14 0.33 0.61 0.67 0.04 0.06 0.06 0.07 0.35 0.67 0.7 0.80 7403 70.80 N7 N7
Table 22: Evaluation result of the performance of Multinomial Bivariate LR
model for Eclipse3.0

Metric+| TRUE FALSE SENSITIVITY 1-SPECIFICITY AUC Accuracy

Loc | nom. low mid high | Nom. low mid high | Nom. low mid high nom low mid high nom low mid high | Nom. low mid high
NOS 369 1 0 0 276 g 0 0 0.14 057 0.68 0.78 0.04 0.06 0.06 0355 0.76 0.81 0.86 T4 70.61 70.60 70.60
UWCS in 3 0 0 283 7 0 0 0.14 0.56 0.68 0.78 0.4 0.06 0.06 055 073 0.51 0.86 7407 0.4 70.52 7052
cc 366 3 0 0 0 8 0 0 0.13 0.57 0.68 0.78 0.4 0.06 0.06 055 0.76 0.51 08 | 71 70.68 70.55 70.65
RFC s 4 0 [ wm 8 [ 0 0.16 062 0.58 0.78 0.0 0.07 0.08 0.56 0.7 0.75 0.85 AL 70.00 69.96 65.96
BT 450 2 0 0 356 5 0 0 0.16 0.61 0.63 0.78 0.05 0.07 0.08 0.56 017 0.78 0.85 7416 69.90 69.88 65.38
MPC 450 2 0 0 56 5 0 0 0.16 061 0.63 0.78 0.05 0.07 0.08 0.36 077 0.78 0.85 7416 63.90 69.88 65.88
LNC 382 2 0 0 288 [ 0 0 0.14 057 0.63 0.78 0.04 0.06 0.06 035 0.76 0.78 0.86 7412 7051 7043 043
T 369 3 1 0 75 6 0 0 0.14 057 0.68 0.78 0.4 0.06 0.06 055 0.76 0.51 0.86 TALL 70.63 70.61 70.60
PAK 358 1 0 0 A 8 0 0 0.0 064 0.63 0.83 0.05 0.09 0.09 058 07 0m 0% | BB 63435 .M R
NOM in 3 0 0 276 6 0 0 0.14 055 0.63 0.78 0.4 0.06 0.06 055 073 0.73 0.86 TALL 70.59 70.56 70.56
Lomz | 377 3 0 0 252 5 0 1 0.14 0.53 0.68 0.78 0.4 0.06 0.06 055 0.76 0.51 0.8 | 7405 7049 7046 7046
INST 366 4 0 [ 281 8 [ 0 0.14 057 0.68 0.78 0 0.06 0.06 055 0.76 0.81 0.86 403 7058 7054 054
(B0 370 2 0 0 278 5 0 0 0.14 057 0.63 0.78 0.06 0.06 035 0.76 0.79 0.86 T4 70.60 70.58 70.58
MAXCC 385 2 0 0 283 7 0 0 0.14 035 0.68 0.78 0.06 0.07 035 0.7 0.81 0.86 7410 7045 7043 043
FouT 34 2 0 0 290 5 0 0 0.14 0.56 0.63 0.78 0.06 0.06 035 073 0.78 0.86 7402 7048 7046 046
AV 381 3 0 0 305 8 0 0 0.14 058 0.68 0.78 0.06 0.07 0.07 055 0.76 0.51 0.86 73.96 70.35 0.4 7034
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Table 23: Evaluation result of the performance of Binary Multivariate model LR
for all 3 version of Eclipse

Version TP M FP FMN SEMNSITIVI 1- AUC Accuracy
TY SPECIFICI
TY
Eclipse2.0| 3549 879 437 1683 0.34 0.11 0.62 68.11
Eclipse2.1| 5386 595 309 1507 0.28 0.05 0.61 76.71
Eclipse3.0| 7250 727 376 2151 0.25 0.05 0.60 75.94

Table 24: Evaluation result of the performance of Multinomial Multivariate LR
model for all 3 version of Eclipse

Version Mutinomial Multivariate model
TRUE FALSE Sensitivify Lspeciicty AlC Accuracy
Nom. | low | mid | high { nom | low | mid | high | nom | low | mid | high | nom | low | mid | high | nom | low | mid | high | nom low md | high

Eclipse | 63400 [ 1200 | 200 | 200 | 45500 ( 2000 | 200 | 000 | OB [ OM [ OB | O | 02 [ 07 | 08 | 033 | 039 [ 0% | 081 | 0B [ &% | W& | H5 | B
2
Ecipse | 43300 [ 500 | 200 | 300 | 36300 ( 1000 | 100 | 100 | 026 | 0S8 [ 075 | 100 | OO7 [ 00 | 01| 01 | 039 [ 07 | 0B | 09 [ 628 | B% | 5 | B2
1
Ecipse | 62200 [ 700 | 300 | 100 | 40300 2000 | 000 | 000 | 033 | 084 | 07 | 088 | 006 [ 000 | 00 | 00 | 039 [ 07 | 0B | 090 [ &8 | BB | HL | BY
EAl




