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Abstract— Software testing is a critical and essential part 
of software development that consumes maximum resources 
and effort. The construction of models to predict faulty classes 
can help and guide the testing community in predicting 
faulty classes in early phases of software development. It is 
important to analyze and compare the predictive accuracy of 
machine learning classifiers. The aim of this paper is to find 
the relation of object oriented metrics and fault proneness 
of a class. We have used seven machine learning and one 
logistic regression method in order to predict faulty classes. 
The results of our work are based on data set obtained from 
open source software. The results show that the predictive 
accuracy of machine learning technique LogitBoost is highest 
with AUC of 0.806. 

Keywords— object oriented metrics, software testing, 
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1. INTRODUCTION

Software testing consumes at least 50% of the resources 
and still does not guarantee the 100% correctness of 
the software. The obvious question is “why cannot we 
guarantee 100% correctness?” There are many reasons 
for not achieving the objective of “100% correctness of 
software” even with latest available technologies, tools 
and techniques. The ultimate target of developing defect 
free software opens many challenges, directions and 
scope for research which may ultimately improves the 
practices prevailing in the software testing community. 
New research challenges are emerging due to increasing 
size and complexity of the software. Many earlier 
concepts and techniques may not be relevant to meet the 
requirements of software testing community. The most 
important challenge is to make testing effective with 
reasonable consumption of resources. The challenge of 
effective testing opens research area of predicting faulty 
classes in the early phases of software development. These 
fault prediction models will help practitioners and testers 
in producing defect free software at reasonable cost using 
object oriented metrics for predicting faulty classes. 

A number of machine learning techniques are available 
which may be used to predict faulty classes. These 
techniques have the following advantages:

•	 They can be used to model complex relationships.
•	 They can be used to adapt to changing environment 

as new knowledge is being discovered [6].

We may wonder: Which machine learning technique 
performs the best? How do machine learning techniques 
perform on different data sets? The previous studies in 
the literature may have reached to different conclusions 
as their results are based on different data sets [49].  
Now a days data collected from public domain and open 
source software are available from data repositories such 
as NASA and PROMISE. This enables the researchers 
to carry out empirical studies in order to assess and 
compare various machine learning techniques. More 
empirical studies with different data set will highlight the 
criticalities, complexities and differences along with their 
strengths and weaknesses. This is the main motivation of 
reported work here.

The selection of subset of object oriented metrics is also 
important to obtain better machine learning models for 
fault prediction. Thus, the aims of this paper are   1) to 
find the relation between object oriented metrics and fault 
proneness of a class 2) to find subset of object oriented 
metrics that are effective predictors of fault proneness, 
and  3) assess and compare seven machine learning 
techniques:  Artificial Neural Network (ANN), Random 
Forest (RF), two Boosting algorithms (LogitBoost (LB), 
AdaBoost (AB)), Naïve Bayes (NB), KStar, Bagging 
and one statistical technique: logistic regression (LR) in 
order to gain insight about their performance. In order 
to achieve above  goals we validate our results on open 
source software Arc [54]. We use Area Under Curve 
(AUC) obtained from receiver operating characteristics 
curves (ROC) in order to evaluate the performance of the 
machine learning classification techniques. ROC analysis 
provides optimal cut off point that provides balance 



Software engineering : an international Journal (SeiJ),  Vol. 1,  no. 1,  SePteMBer 2011  25

between number of classes predicted as faulty and number 
of classes predicted as non faulty. 

The developed machine learning models will enable the 
testers in the early stages of software development to 
identify which classes are more prone to faults and need 
extra attention. For example, testers will only concentrate 
on a subset of the classes which are predicted to be faulty 
by the developed models. This study will also guide the 
testing community on the predictive accuracy of machine 
learning predictors for predicting faulty classes.

The rest of the paper is organized as follows: Related work 
is summarized in section 2. Section 3 provides research 
methodology  including the  independent and dependent 
variables used in this work. Section 4 provides an 
overview of machine learning techniques and performance 
evaluation measures. Description of the results can be 
found in section 5. Section 6 provides threats to the validity 
of this work and a conclusion is  presented  in section 7.

2.  RELATED WORK

Traditional logistic regression technique for predicting 
faulty classes are widely researched in the past [1, 2, 4, 
5, 8, 13, 14, 16, 19, 28, 33, 41, 42, 48, 51, 52, 55, 57, 58, 
60, 61]. Several machine learning techniques have been 
studied  to find a relation between static code metrics and 
fault proneness. The use of neural network for predicting 
software quality was introduced by Khoshgaftaar et 
al. [39]. They classified modules as faulty and non 
faulty using large telecommunication system. They also 

compared their results with another model obtained from 
discriminant method. Guo et al. [27] used RF method 
for predicting faulty modules using NASA data sets. 
Khoshgaftaar et al. [40] proposed the use of regression 
trees in order to classify modules as faulty and non faulty 
using large telecommunications system. Fenton et al. [24] 
introduced the use of Bayesian belief networks (BBN) for 
the prediction of faulty software modules. Elish et al. [23] 
proposed the use of support vector machines for predicting 
faulty modules using NASA data sets. Porter and Selly 
proposed the use of decision trees [53].

Although there have many studies in past that evaluate the 
relation between static code metrics and fault proneness, 
but their have been very few studies that find the effect of 
object oriented metrics on fault proneness using machine 
learning methods. Table 1 summarizes studies that have 
used machine learning methods: ANN, DT, BBN, RF, 
NNage for finding relation between object oriented metrics 
and fault proneness. 

It is worth noting that only a few machine learning 
techniques have been used for predicting faulty classes 
using object oriented metrics in the literature. A number of 
research groups have used NASA data sets for validation 
of their results. It can be also seen that Chidamber and 
Kemerer metrics have been widely used for predicting 
faulty classes. In this work we use seven machine learning 
techniques: ANN, RF, LB, AB, NB, KStar, Bagging and 
one statistical technique: LR. We use object oriented 
metrics [17] and validate our results on open source 
software Arc [54].

table 1

EMPIRICAL STUDIES FOR PREDICTING FAULT PRONENESS USING MACHINE LEARNING TECHNIQUES

S. 
No Source Data 

type Data set Metrics Technique used in model prediction

1 [28] Open 
source

Mozilla CK metric suite:  WMC, DIT, RFC, 
NOC, CBO, LCOM, LCOMN, LOC

logistic regression, linear regression, 
decision tree, neural network

2 [60] Public 
domain

NASA data set KC1
Implemented in C++.
Consists of 145 classes, 2107 
methods, 40,000 LOC

CK metric suite:  WMC, DIT, RFC, 
NOC, CBO, LCOM, SLOC

logistic regression, machine learning 
methods (naïve Bayes network, 
random forest, NNge)

3 [42] Students System developed in C++.
Consists of 1185 classes.

Total 64 metrics are used: 10 
cohesion, 18 inheritance, 29 coupling 
and 7 size

logistic regression, back propagation 
neural network, probabilistic neural 
network

4 [52] Public 
domain

NASA data set KC1
Implemented in C++.
Consists of 145 classes, 43KLOC.

CK metric suite: WMC, RFC, NOC, 
CBO, LCOM, SLOC

multiple regression: ordinary least 
squares, bayesian linear regression, 
bayesian poisson regression

5 [55] Public 
domain

NASA data set KC1
Implemented in C++.
Consists of 145 classes, 43KLOC.

CK metric suite:  CBO,  RFC, 
LCOM, NOC, DIT, WMC, SLOC

logistic regression, machine learning 
(Artificial neural network, Decision 
Tree)

6 [61] Open 
source 

Data collected from 3 releases 2.0, 
2.1 and 3.0 of Eclipse.
Consists of 796, 988,1306 KLOC resp.

WMC, SDMC, AMC, CCMax, NIM, 
NCM, NTM, NLM, aVGloc, LOC

logistic regression
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3. RESEARCH BACKGROUND

In this section we define independent and dependent 
variables and also summarize the empirical data collection.

3.1 Independent and Dependent Variables

The independent variables in this paper are object oriented 
metrics and dependent variable is fault proneness. There 

have been several object oriented metrics proposed in the 
literature [4, 11, 12, 17, 18, 35, 36, 44-46, 48, 58]. We 
have used Chidamber and Kemerer [17, 18] and QMOOD 
metrics as independent variables,  shown below in Table 2. 
Fault proneness is defined as probability of fault detection 
in a class [13, 55]. We have used seven machine learning 
techniques and logistic regression technique in order to 
predict probability of a class being faulty.

table 2

 OO METRICS – INDEPENDENT VARIABLES 

Metric Definition

Coupling Between Objects (CBO) CBO for a class is a count of the number of other classes to which it is coupled and vice versa.

Lack of Cohesion Methods (LCOH) Measures the dissimilarity of methods in a class by looking at the instance variable or attributes used by 
methods. 

Number of Children (NOC) The number of immediate subclasses of a class in a hierarchy.

Depth of Inheritance (DIT) The depth of a class within the inheritance hierarchy is the maximum number of steps from the class 
node to the root of the tree and is measured by the number of ancestor classes.

Weighted methods per class (WMC) A count of sum of complexities of all methods in a class. 

Response For a Class (RFC) A set of methods that can be potentially executed in response to a message received by an object of that 
class. 

Number of Public Methods (NPM) The count of number of public methods in a class.

Afferent Couplings (Ca) It counts how many other classes use a given class.

Lack of cohesion in methods 
(LCOM1).
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Data Access Metric (DAM) It is defined as number of private methods divided by total number of methods.

Measure of Aggregation (MOA) It counts abstract data types in a class.

Measure of Functional Abstraction 
(MFA)

It is defined as number of inherited methods divided by total number of methods accessible by its 
member functions.

Cohesion Among Methods of Class 
(CAM)

It is based upon parameters list of a method.

Inheritance Coupling (IC) It is based upon inheritance based coupling.

Coupling Between Methods (CBM) It counts the newly added functions with which inherited based methods are coupled.

Average Method Complexity (AMC) It counts average size of method in a class.

Cyclomatic Complexity (CC) CC= e-n+P, where e= number of edges in a flow graph, n=number of nodes in a flow graph, P= 
connected components

Lines of Code (LOC) The count of lines in the text of the source code excluding comment lines
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3.2 Empirical Data Collection

In this work we validate the relation between object 
oriented metrics and fault proneness using open source 
data set Arc. The data set is available at [54]. The data set 
consist of 234 classes out of which 24 are faulty classes 
and rest are non faulty classes. The number of faults in the 
data set are 33. The metrics are collected using ckjm tool 
http://gromit.iiar.pwr.wroc.pl/p_inf/ckjm/.

4. RESEARCH TECHNIQUES

In this section, we summarize research techniques 
including logistic regression and machine learning 
techniques. The details on statistical and machine learning 
techniques can be obtained from [21, 22, 43].

4.1  Descriptive Statistics, Outlier Analysis and 
      Correlation Analysis

The statistics measures such as mean, median, standard 
deviation collected from the given data set can be used to 
obtain further information about the data that will help the 
researchers in data filtering. Descriptive statistics provide 
summary about the data. The measures having less than 
ten data points are removed from the analysis in this work. 

Outliers are the data points located in an empty space 
of the total data space [55]. The outliers numerically lie 
far away from rest of the data points [31]. Data can be 
summarized by using measures of central tendency (mean, 
median and mode) and measures of dispersion (standard 
deviation, variance, quartile).

There are two types of outliers: univariate and multivariate. 
Univariate outliers are those exceptional values that occur 
within a single variable and multivariate outliers are present 
within the combination of more than two variables. Once 
the outliers are identified the decision about the inclusion 
or exclusion of the outlier must be made. The decision 
depends upon the reason why the case is identified as 
outlier. In this paper univariate outliers are determined 
by calculating the Z-score value of the data points of the 
variable. The data values exceeding ±2.5 are considered to 
be outliers [29]. Multivariate outliers are identified using 
Mahalanobis Jackknife [29] distance. Details on outlier 
analysis can be obtained from [7]. 

Correlation analysis is used to provide information about 
dependency amongst the variables. In this work we find  
correlation between OO metrics to gather information 
about redundancy amongst object oriented metrics. We 
use Pearson’s measure of correlation to test the correlation 
amongst object oriented metrics. 

4.2 LR Analysis

LR is the most widely used statistical technique used 
in empirical studies in literature (a detailed description 
on LR analysis can be obtained from Hosmer et al. [37] 
and Basili et al. [8]). We can carry out univariate and 
multivariate LR analysis to find the relation between 
independent variables (object oriented metrics in our case) 
and dependent variable (fault proneness). We use binary 
LR analysis in this work as our dependent variable fault 
proneness is binary. Univariate analysis is used to find 
the individual effect of each independent variable on the 
dependent variable.  The univariate LR formula is given 
below:
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Multivariate LR analysis is used to find the combined 
effect of independent variables on the dependent variable. 
Thus LR analysis is used to construct fault prediction 
model in this paper. Multivariate analysis generalized case 
of univariate analysis and the equation is given below:

(2)
              

where niXi ,.......,2,1, = , are the independent variables. 
Prob is the probability of detecting faults in a class. 
Two stepwise selection methods: forward selection and 
backward elimination can be used to predict dependent 
variable using LR analysis [2, 55]. In forward selection 
method each variable is entered stepwise and insignificant 
variables are removed at each step. In backward elimination 
method all the variables are entered together and variables 
are removed one at a time from the predicted model. We 
have used forward selection method using metrics selected 
in univariate analysis. We also attempted to use a backward 
elimination method. The results of both the methods  were 
same. Hence, we used forward selection method for model 
prediction in this paper.

The following statistics are summarized for each object 
oriented metric found significant using LR analysis [2, 55]:

•	 Odds Ratio: It is defined as the probability of 
occurrence of an event divided by the probability 
of occurrence of non-event. The event in this 
paper is faulty class and nonevent is probability 
of not faulty class. An Odds Ratio with value 4 
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implies that dependent variable (fault proneness) 
is multiplied by 4 when the independent variable 
increases by 1 unit.

•	 Coefficients (Ai's) and Maximum Likelihood 
Estimation (MLE): coefficients in LR 
analysis are estimated by using MLE. The 
likelihood function (L) maximizes )(LLog
in order to compute the coefficients. Large 
value of coefficients implies that independent 
variables (object oriented metrics) have stronger 
relationship with the dependent variable (fault 
proneness).   

•	 Significance (sig): the statistical significance 
implies that there is a significant relationship 
between independent variables and the dependent 
variable. In this paper we use 0.05 level as the 
significance threshold.

•	 The R2 Statistic: the R2 statistic is defined as:

(3)

where (LL(a, B) is the maximum log-likelihood 
function that includes significant independent 
variables in the model. LL(a) is the log-likelihood 
function of the model with only constant included 
in it. The higher the value of this statistic more is 
the accuracy of the predicted model. However, 
unlike linear regression, in LR analysis this value 
is low for predicted model [60].

4.3 Machine Learning Techniques

In this section the machine learning techniques used for 
feature selection and model prediction are described.

Correlation Based Feature Selection

In order to predict models using machine learning 
techniques, it is important to identify relevant and important 
features. A relevant feature is one that is correlated to the 
class and is less related to other features [30]. In this paper 
we use Correlation based Feature Selection (CFS) method 
to determine relevant object oriented metrics and remove 
unwanted and noisy metrics. M.A Hall proved in his 
research paper that “classification accuracy using reduced 
feature set is equal or better than accuracy using complete 
feature set” [30]. CFS is based on correlation method and 
its advantages include recurred dimensionality, improved 
predictive accuracy and reduced execution time [30, 50].
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Bagging

Bagging or Bootstrap Aggregating improves the 
performance of classification models by creating various 
sets of the training sets. Leo Breiman proposed this 
technique in 1996 [15]. The aim is to create numerous 
similar training sets and train a new function for each 
of these sets. In the case of class prediction the result 
of majority voting is considered. In order to construct 
multiple versions we create bootstrap duplicates of the 
learning set. These sets are then used as the new learning 
set. Bagging has the following advantages [10, 15]:

1. It can improve classification accuracy over other 
classification models.

2. It reduces variance.
3. It avoids overfitting.

If we are given a training set Rn, with N samples from 
a population P, a bootstrap set Bi would also contain N 
samples. For each sample of Bi we can draw any sample 
from R independently and with replacement from R. Hence 
we would obtain some samples being repeated in Bi and 
some samples being present in R but not in Bi. Hence the 
dataset Bi is as plausible as Rn but is drawn from R rather 
than P. The bootstrap datasets are combined by taking the 
average output and hence we get an aggregated prediction 
result [10, 15]. In this work we use Bag Size Percent of 
100, 10 iterations and REP tree as classifier. These are the 
default setting provided by the WEKA tool.

Random Forests

RF was proposed by Breiman [24] and constructs a forest 
of multiple trees and each tree depends on the value of 
a random vector. For each of the tree in the forest, this 
random vector is sampled with the same distribution 
and independently. Hence, random forest is a classifier 
that consists of a number of decision trees. The resultant 
output class is the mode of classes output by the individual               
trees [10].

The algorithm for constructing the tree is as follows: For M 
training sets, N variables in the classifier and the variable 
n (n << N) where n indicates the number of independent 
variables that determine the decision at the terminal node 
of the tree. A bootstrap training sample is selected. The 
best split is based on these n variables in the training set. 
Each tree is allow to grow fully and is not pruned. RFs 
have the following benefits [10, 15, 47]:

1. RFs are simple.
2. RFs are comparatively robust to outliers and 

noise.
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3. RFs provide give useful internal estimates 
of error, strength , correlation and variable 
importance.

4. RFs may produce a highly accurate classifier for 
various data sets.

5. RFs provide fast learning.

In this paper, the number of decision trees in RF are taken 
as 10. These were the default settings for WEKA tool. 

Artificial Neural Networks

ANN uses Multilayer Perceptron (MLP) that is based on 
biological neurons, for model construction. ANN is used to 
model complex relationships between inputs and outputs 
and is used to search patterns in data set [34]. Multilayer 
feedforward network consists of one input layer, one or 
more hidden layers and one output layer [34]. 

Each layer consists of nodes that are connected to their 
immediate preceding layers for input and immediate 
succeeding layers for output. Back-propagation is the 
most commonly used learning algorithm in order to train 
multilayer feed forward networks and consists of two 
passes (forward and backward) through the different layers 
of network. In the forward pass a training input data set 
is applied and a set of outputs are produced as the actual 
response. In this pass weights of the network are fixed and 
the effect is propagated through the network layer by layer 
[34]. In the backward pass an error is calculated which 
is the difference between the networks actual and desired 
output. The error calculated is propagated backward 
through the network and the weights are readjusted in order 
to make the actual output closer to the desired response.
The benefits of ANN are its non-linearity, adaptivity, 
parallel architecture and fault tolerance. 

Boosting Techniques

Boosting uses decision tree algorithm for creating new 
models. Boosting assigns weights to models based on 
their performance. There are many variants of boosting 
algorithms available in the literature. In this paper we 
evaluate the performance of two such variants AB [25] and 
LB [26] designed for classification purpose. The boosting 
algorithm works as follows [59]:

1. Assign equal weights to all the instances in the 
data set.

2. For each iteration m do the following:
a. Apply learning algorithm to weighted data 

and store results of the modes.
b. Compute error err for each model.
c. If value of err is zero or greater or equal to 

0.5 stop model prediction.

d. For each instance in the data set do the 
following:
i. If instance is correctly predicted by the 

model multiply instance by weight err/
(1-err) 

e. Normalize respective weights  for each 
instance 

Classification

1. Assign zero weight to each class.
2. For each m models:

a. Add –log(err/(1-err)) to previous weight of 
class.

3. Return class having highest weight.

LB uses additive LR for generating models and details can 
be obtained from [26].

Naïve Bayes and KStar

NB is a simple ad efficient algorithm for model prediction 
[38]. NB is based on probability based theorem and 
uses bayes theorem for classification purpose. KStar is 
an instance based learning algorithm that uses entropy 
distance measure [20]. It is based on distance between 
instances. The details on both the techniques can be 
obtained from [20, 38].

4.4  Performance Evaluation Methods

In order to validate the predicted models we use the 
following performance measures:

1. Sensitivity: It is defined as the ratio of classes 
predicted as faulty to the total number of classes 
actually faulty.

2. Specificity: It is defined as the ratio of classes 
predicted as non faulty to the total number of 
classes actually non faulty.

3. Precision: It is defined as the ratio of classes 
predicted correctly as faulty and non faulty to the 
total number of classes.

4. ROC analysis: The output of the predicted 
models can be analyzed using ROC analysis. 
ROC curve is a plot of sensitivity (on the y-axis) 
and 1-specificity (on the x-axis). Many cut off 
points are selected between 0 and 1 while the 
construction of ROC curves [32]. AUC is a 
measure obtained using ROC analysis. This 
gives optimal cut off point that maximizes both 
sensitivity and specificity. This measure is very 
effective in measuring the quality of the predicted 
models and is popularly being used in machine 
learning research [61]. The following rules can 
be used to categorize AUC:
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•	 If ROC = 0.5, then No discrimination
•	 If 0.7 <= ROC < 0.8, then Acceptable 

discrimination
•	 If 0.8 <= ROC < 0.9, then Excellent 

discrimination
•	 If ROC <= 0.9, then Outstanding 

discrimination

In this paper, we use AUC as a measure to 
evaluate and assess the models predicted using 
machine learning techniques. We also use ROC 
analysis to obtain optimal cutoff point that 
provides balance between classes predicted as 
faulty and non faulty.

4.4  Cross Validation Method

We use K-cross validation method in order to validate the 

predicted models. In K-fold cross-validation, the original 
data set is partitioned into K subparts [56]. The K-1 
subparts are used as training data and the single subpart 
is used as validation data. The cross-validation process is 
then repeated K times, with each of the K subparts used 
exactly once as the validation data. The result obtained 
from K folds results into a single estimation. This is 
popular method used in model validation. To obtain a 
realistic estimate we use K=10 to validate the model.

5.  RESEARCH RESULTS

5.1  Descriptive Statistics and Correlation Analysis

The maximum (max.), minimum (min.), mean, median 
standard deviation (Std. Dev.), percentile values for each 
object oriented metric are shown in table 3.

table 3 

DESCRIPTIVE STATISTICS OF OBJECT ORIENTED METRICS

 Metrics Mean Median Std. Dev Min Max 
Percentiles 

25 75

WMC 9.226 6 9.156 0 55 3 13

DIT 1.568 1 1.102 1 5 1 1.25

NOC 0.162 0 1.596 0 23 0 0

CBO 7.559 5 8.860 0 74 3 8

RFC 21.303 14 26.42 0 166 5 25.25

LCOM 56.158 6 138.67 0 1417 1 54.25

CA 2.893 1 6.628 0 71 0 3

CE 4.705 2 6.490 0 36 1 5

NPM 8.572 5 8.550 0 55 3 12

LCOM3 1.328 0.955 0.614 0 2 0.833 2

LOC 133.94 56.5 248.02 0 2090 9 135

DAM 0.543 1 0.491 0 1 0 1

MOA 0.8931 0 1.806 0 10 0 1

MFA 0.216 0 0.387 0 1 0 0.058

CAM 0.483 0.437 0.277 0 1 0.285 0.666

IC 0.2135 0 0.431 0 2 0 0

CBM 0.230 0 0.488 0 3 0 0

AMC 9.746 6.571 10.01 0 49.46 3 15

MAX_CC 2.782 1 3.556 0 34 1 4

AVG_CC 1.031 1 0.724 0 6 0.702 1.268

We perform correlation analysis to gain insight about the 
dependencies amongst object oriented metrics. The value 
of coefficient between 0.9-1.0 is considered perfect, value 
between 0.7-0.9 is considered to be very large, and value 
between 0.5-0.7 is considered to be large. Hence, in table 

4 the object oriented metrics with correlation coefficient 
greater than 0.5 and significant at 99% are shown in bold.  
There are many correlations amongst metrics hence, the 
metrics are not independent and represent redundant 
information.



Software engineering : an international Journal (SeiJ),  Vol. 1,  no. 1,  SePteMBer 2011  31
ta

b
le

 4
 

C
O

R
R

EL
AT

IO
N

 A
N

A
LY

SI
S 

A
M

O
N

G
ST

 O
B

JE
C

T 
O

R
IE

N
TE

D
 M

ET
R

IC
S

M
et

ric
s 

 
W

M
C

D
IT

N
O

C
C

B
O

R
FC

LC
O

M
C

A
C

E
N

PM
LC

O
M

3
LO

C
D

A
M

M
O

A
M

FA
C

A
M

IC
C

B
M

A
M

C
M

A
X_

C
C

AV
G

_C
C

W
M

C
1

 
 

 
 

 
 

 
 

 
 

 
 

 
 

 
 

 
 

 

D
IT

-0
.2

3
1

 
 

 
 

 
 

 
 

 
 

 
 

 
 

 
 

 
 

N
O

C
0.

23
0.

09
1

 
 

 
 

 
 

 
 

 
 

 
 

 
 

 
 

 

C
B

O
0.

69
-0

.0
1

0.
40

1
 

 
 

 
 

 
 

 
 

 
 

 
 

 
 

 

R
FC

0.
80

-0
.0

8
0.

25
0.

68
1

 
 

 
 

 
 

 
 

 
 

 
 

 
 

 

LC
O

M
0.

84
-0

.1
2

0.
29

0.
72

0.
59

1
 

 
 

 
 

 
 

 
 

 
 

 
 

 

C
A

0.
36

-0
.0

6
0.

27
0.

68
0.

06
0.

58
1

 
 

 
 

 
 

 
 

 
 

 
 

 

C
E

0.
57

0.
04

0.
27

0.
66

0.
87

0.
39

-0
.0

8
1

 
 

 
 

 
 

 
 

 
 

 
 

N
PM

0.
98

-0
.2

4
0.

21
0.

67
0.

73
0.

85
0.

40
0.

50
1

 
 

 
 

 
 

 
 

 
 

 

LC
O

M
3

-0
.4

1
0.

29
-0

.0
9

-0
.2

0
-0

.4
1

-0
.1

8
-0

.0
6

-0
.2

2
-0

.3
9

1
 

 
 

 
 

 
 

 
 

 

LO
C

0.
72

-0
.0

7
0.

18
0.

59
0.

94
0.

52
-0

.0
0

0.
81

0.
66

-0
.3

5
1

 
 

 
 

 
 

 
 

 

D
A

M
0.

48
-0

.3
2

0.
07

0.
22

0.
46

0.
25

0.
05

0.
26

0.
45

-0
.9

4
0.

39
1

 
 

 
 

 
 

 
 

M
O

A
0.

64
-0

.2
1

-0
.0

2
0.

50
0.

69
0.

50
0.

05
0.

63
0.

61
-0

.3
6

0.
67

0.
40

1
 

 
 

 
 

 
 

M
FA

-0
.2

9
0.

92
0.

01
-0

.1
0

-0
.1

4
-0

.1
7

-0
.1

0
-0

.0
3

-0
.3

1
0.

25
-0

.1
2

-0
.3

0
-0

.2
1

1
 

 
 

 
 

 

C
A

M
-0

.5
6

0.
38

-0
.0

8
-0

.3
7

-0
.5

0
-0

.3
6

-0
.1

5
-0

.3
6

-0
.5

5
0.

47
-0

.4
1

-0
.5

0
-0

.4
4

0.
40

1
 

 
 

 
 

IC
0.

14
0.

03
-0

.0
5

0.
00

0.
00

0.
12

0.
17

-0
.1

6
0.

16
-0

.3
3

-0
.0

1
0.

30
0.

10
0.

17
-0

.2
1

1
 

 
 

 

C
B

M
0.

11
0.

09
-0

.0
4

0.
00

0.
01

0.
09

0.
13

-0
.1

2
0.

12
-0

.3
2

-0
.0

1
0.

30
0.

08
0.

21
-0

.1
9

0.
94

1
 

 
 

A
M

C
0.

34
0.

12
0.

06
0.

35
0.

70
0.

14
-0

.1
6

0.
65

0.
27

-0
.4

5
0.

69
0.

43
0.

44
0.

13
-0

.3
2

0.
10

0.
15

8
1

 
 

M
A

X_
C

C
0.

31
-0

.0
6

0.
02

0.
29

0.
41

0.
19

0.
06

0.
33

0.
30

-0
.3

3
0.

34
0.

35
0.

23
-0

.0
9

-0
.3

3
0.

33
0.

28
3

0.
50

1
 

AV
G

_C
C

0.
27

-0
.2

3
0.

02
0.

25
0.

37
0.

12
0.

02
0.

32
0.

26
-0

.2
8

0.
29

0.
30

0.
14

-0
.2

4
-0

.2
6

0.
18

0.
15

1
0.

52
0.

82
1



Malhotra et al. : applicability of Machine learning techniques for object oriented software fault prediction32

5.2 Model Prediction using LR analysis

In this section the results of univariate and multivariate 
LR analysis is presented. Table 5 summarizes the result of 
univariate LR analysis. The classes were treated as faulty 
if they consisted of one fault. Table 5 summarizes the 
values of coefficient (B), standard error (SE), significance 
(sig.) and Odds Ratio for each metric. The metrics with 
significance threshold above 0.01 significance level are 
shown in bold. As can be seen from Table 5, WMC, CBO, 
RFC, NPM, LOC, MOA, CAM, AMC metrics are found 
to be predictor of fault proneness. Rest of the metrics are 
not found to be a predictor of fault proneness. Hence, 
out of 19 metrics 8 metrics were found to be significant 
for predicting faulty classes. CAM metric has negative 
coefficient that indicates that this metric is inversely 
related with fault proneness. 

table 5 

RESULTS OF UNIVARIATE LR ANALYSIS 

Metric B SE Sig. Odds Ratio

WMC 0.056 0.018 0.002 1.058

DIT -0.271 0.235 0.247 0.762

NOC -15.048 3573.368 0.997 0.000

CBO 0.052 0.018 0.005 1.053

RFC 0.025 0.006 0.000 1.025

LCOM 0.002 0.001 0.158 1.002

CA -0.098 0.082 0.232 0.907

NPM 0.050 0.020 0.010 1.052

LCOM3 -0.045 0.334 0.894 0.956

LOC 0.002 0.001 0.001 1.002

DAM 0.235 0.422 0.578 1.265

MOA 0.241 0.086 0.005 1.272

MFA -1.183 0.719 0.100 0.306

CAM -2.660 0.945 0.005 0.070

IC -0.798 0.621 0.198 0.450

CBM -0.792 0.598 0.185 0.453

AMC 0.050 0.018 0.004 1.051

MAX_CC 0.088 0.046 0.054 1.092

AVG_CC 0.439 0.233 0.060 1.551

Table 6 shows the model predicted using multivariate LR 
analysis. The model consists of CE metric. The R2 of the 
model is 0.42. The cutoff point of the predicted model is 
obtained using ROC analysis as we did not want to select 
arbitrary cutoff point. The cutoff point for the model 
predicted is 0.08. The sensitivity of the model is 70.40% 
and specificity of the model is 69.6%. 

table 6 

RESULTS OF MULTIVARIATE LR ANALYSIS 

Metric B SE Sig. Odds Ratio

CE 0.119 0.025 0.000 1.126

Constant -2.828 0.302 0.000 0.059

5.3 Subset Selection Using CFS

In machine learning, subset selection is a popular method 
for selection of important object oriented metrics. Table 
7 shows the metrics identified to be important predictor 
of faulty classes using CFS method. These metrics can  
be used for model prediction using machine leaning 
techniques. Hence, CBO, RFC, CE, NPM and CAM are 
the best predictors of fault proneness and will be used 
for fault prediction model construction using machine 
learning techniques.

table 7

METRICS SELECTED BY CFS METHOD

S. No Metrics Selected
1 CBO
2 RFC
3 CE
4 NPM
5 CAM

5.4 Model Validation Results

Table 8 summarizes the results of 10-cross validation of 
LR, ANN, LB, AB, KStar, RF, NB, bagging techniques. 
The data set with 234 classes was divided into 10 
approximately equal parts (9 parts of 23 classes and one 
part of 24 classes). The 9 parts is used for training purpose 
and one part is used for validation purpose. The results of 
models predicted using machine learning techniques were 
predicted using WEKA tool. 

Table 8 shows the cutoff point, sensitivity, specificity, 
precision, AUC and SE measures for each of the predicted 
model. The optimal cutoff points have been selected using 
ROC analysis. Thus, this will give balance between faulty 
and non faulty classes. The following observations are 
made from Table 8:

•	 The models predicted using machine learning 
techniques are competitive with the model 
predicted using LR technique: The AUC of the 
entire models obtained using machine learning 
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methods is greater than the AUC of model 
obtained from LR technique. 

•	 The models predicted using RF, AB, NB and 
KStar have acceptable discrimination in terms 
of AUC whereas model predicted using LB has 
excellent discrimination: The  model predicted 
using LR, ANN and bagging techniques have 
AUC below 0.7 and thus their accuracy is not 
high. The model predicted using LB has AUC 
greater than 0.8 whereas all the other models 
have AUC above 0.7.

•	 Boosting algorithm LB gave the best results 
in terms of AUC as compared to all the other 
models predicted: Table 7 shows that the AUC of 
LB model is 0.806 which is greater than the AUC 

of models obtained from all the other techniques. 

•	 In literature boosting techniques were not 
evaluated for predicting faulty classes using 
object oriented metrics: In previous studies 
predictive accuracy of boosting algorithm were 
not assessed and evaluated. The results show 
that boosting algorithm LB may be effective in 
predicting faulty classes.

The results  obtained suggest that the model predicted from 
the LB, RF, AB, NB and KStar have high discriminating 
power for predicting faulty and non faulty classes as 
compared to all the other predicted models. Zhou et al. 
[60] used three machine learning methods NB, RF and 
NNage and their predictive accuracy was found to be very 
low.

TABLE 8

MODEL EVALUATION RESULTS

Logistic 
Model

ANN 
Model

LB  
Model

RF Model Bagging 
Model

AB
Model

NB
Model

KStar

Cut off point 0.08 0.07 0.12 0.09 0.1 0.10 0.09 0.03
Sensitivity 66.70 66.70 77.80 81.50 63.00 66.70 66.70 70.40
Specificity 64.70 61.80 78.70 64.30 72.90 64.30 64.30 67.10
Precision 64.90 62.29 77.45 66.25 71.83 64.54 64.54 67.48
AUC 0.689 0.696 0.806 0.785 0.696 0.747 0.747 0.76
SE 0.061 0.061 0.048 0.051 0.064 0.049 0.049 0.049

In Figure 1, the ROC curves obtained from LR, ANN, LB, AB, KStar, RF, NB, and Bagging techniques are shown.

(a)       (b)
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(c)       (d)

(e)       (f)

(g)       (h)

FIGURE 1: (A) AB (B) BAGGING (C) LB (D) LOGISTIC (E) ANN (F) RF (G) NB (H) KSTAR



Software engineering : an international Journal (SeiJ),  Vol. 1,  no. 1,  SePteMBer 2011  35

5.5 Discussion of Results

The results predicted in this section can be used by the 
testing community to predict faulty classes in early phases 
of software development. The results are summarized as 
follows

•	 The results of univariate LR analysis show 
that WMC, CBO, RFC, NPM, LOC, MOA, 
AMC metrics are significant predictors of fault 
proneness. CAM metric has inverse relation with 
fault proneness of a class.

•	 The results of multivariate LR analysis show that 
CE can be used in predicting faulty classes in 
early phases of software development.

•	 CBO, RFC, CE, NPM and CAM are the best 
predictors of fault proneness using CFS method 
and can be used in predicting models using 
machine learning techniques.

•	 The fault prediction models developed using 
machine learning techniques have better 
performance as compared to the model predicted 
using LR technique. 

•	 Amongst all the models predicted using machine 
learning techniques boosting algorithm LB has 
the best accuracy in terms of AUC.

6. THREATS TO VALIDITY

There are two types of threats to validity. One is threat 
to internal validity and the other is threat to external 
validity. The threats to external validity are more severe 
as compared to threats to internal validity. The threats 
to internal validity are present due to degree to which 
conclusions can be drawn between independent and 
dependent variables [61]. 

The threats to external validity are threats which are related 
to generalzability of the predicted models. The results in 
this paper are obtained from open source software and 
hence may not be applicable to other systems. The size 
of the data set is also not very large. These threats can be 
reduced by conducting more number of replicated studies 
across various systems.

7. CONCUSIONS AND FUTURE WORK

In this paper, we find the relation between nineteen object 
oriented metrics and fault proneness of a class. In order 
to validate this relation we have used LR techniques 
and seven machine learning techniques: ANN, RF, LB, 

AB, NB, KStar, Bagging. The results are based on data 
set obtained from open source software. The main 
contributions of this paper are 1) find the relation between 
object oriented metrics and faulty proneness 2) to obtain 
subset of object oriented metrics that are significant 
predictor of faulty classes and can be used in predicting 
models using machine learning techniques 3) to compare 
and assess machine learning techniques in order to gain 
insight about their predictive accuracy.

CBO, RFC, CE, NPM and CAM metrics are the best 
predictors of fault proneness using CFS method. The 
results show that predictive accuracy of LR model is 
low as the AUC is 0.689. The model predicted using LB 
technique yields the best AUC with value 0.806. Hence, 
software practitioners and researchers may use the 
machine learning techniques specially boosting algorithms 
for predicting faulty classes in early phases of software 
development.

The machine learning models predicted in this paper can 
help the testing community to focus the resources on 
the faulty parts of the software. The developers can also 
reconsider the software design and hence take necessary 
corrective actions. The fault prediction models can help 
the testers in planning and allocating resources in early 
phases of software development.

In future, we want to replicate our study with more object 
oriented metrics and different data sets so that generalized 
observations and conclusions can be made. We also intend 
to apply different machine learning algorithms such 
as slow learner genetic algorithm to further assess the 
accuracy of machine learning techniques.
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