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Abstract: Software maintenance is one of the most expensive 

activities in software life cycle. It costs nearly 70% of the total cost 
of the software. Either to adopt the new requirement or to correct 
the functionality, software undergoes maintenance. As a 
consequent of maintenance activities, software undergoes many 
reforms. Newly added software components may affect the 
working of existing components and also may introduce faults in 
existing components. The regression testing tries to reveal the 
faults that might have been introduced due to these reformations. 
Running all the prior existing test cases may not be feasible due to 
constraints like time, cost and resources. Test case prioritization 
may help in ordered execution of test cases. Running a faulty or 
fault prone component early in testing process may help in 
revealing more faults per unit of time. And hence may reduce the 
testing time. There have been many different criteria for assigning 
the priority to test cases. But none of the approaches so far have 
considered the object oriented design metrics for determining the 
priority of test cases. Object oriented design metrics have been 
empirically studied for their impact of software maintainability, 
reliability, testability and quality but usage of these metrics in test 
case prioritization is still an open area of research. The research 
reported in this paper evaluates subset of CK metrics. Metrics 
considered from CK suite include Coupling between objects 
(CBO), Depth of Inheritance tree (DIT), weighted methods per 
class (WMC), Number of children (NOC), and Response for a 
class (RFC). Study also considers four other metrics namely 
publically inherited methods (PIM), weighted attributes per class 
(WAC), number of methods inherited (NMI) and number of 
methods overridden. A model is built based on these metrics for 
the prediction of software quality and based on the quality 
measures software modules are classified with the help of Support 
Vector Machine (SVM) algorithm. The proposed approach is 
implemented in WEKA tool and analysed on experimental data 
extracted from open source software. Proposed work would firstly 
help the tester in identifying the low quality modules and then 
prioritize the test cases based on quality centric approach. The 
work also attempts to automate test case prioritization in object 
oriented testing. The results obtained are encouraging. 

Keywords: Object oriented Software Testing, Machine 
Learning, Test case Prioritization, Object oriented metrics. 
Regression testing.   
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I. INTRODUCTION 

Object oriented testing differs from the traditional testing 

as it entails the aspects like inheritance, polymorphism and 
data abstraction [1]. Also the quality of object oriented 
software is closely related with its design measures like object 
oriented inheritance, coupling and cohesion [2]. Many object 
oriented design metrics have been proposed in the literature. 
Some of the mostly used metrics include Chidamber & 
Kemerer (CK) [3], Tang & Chen [4], Henderson [5], Li and 
Henry [6], Li [7], MOOD [8] and QMOOD [9]. Detailed 
description of these metrics is given in study [10].These 
metrics have been used in different contexts like prediction of 
faults [11], prediction of maintainability[6], and measure of 
complexity. The Chidamber- Kemerer (CK) metrics are the 
most used metrics in the literature. Various research studies 
[4], [12], [13] have investigated CK metrics as software 
quality indicators. Some object oriented features help in 
revamping the software quality whereas some may impair it. 
High quality software should have a low-coupled and highly 
cohesive design as one of the important 
parameters.  Low coupling and high cohesion are the 
important software design principles [14]. And consequently 
a module may impart either positive or negative impact on 
software quality. Regression testing involves the retesting of 
software modules to unearth the faults that might have been 
introduced due to software reforms. Generally testing data of 
prior version of the software is available with the tester. The 
information about the coupling and cohesion of prior version 
of the software may be helpful in identifying and localizing 
the fault prone components in subsequent version. Also the 
measure of couplings among the software components in the 
software can help in ranking the components as per the quality 
aspect of final software product. A low quality component 
needs to given priority when testing is to be performed. There 
are evidences [13], [15], [16] that quality of software is 
influenced by the object oriented design metrics. Considering 
class level unit testing, different weights can be assigned to 
the classes as per their quality measures. Test case 
prioritization aims to execute the test cases in an order that 
helps in meeting some predefine testing goal. The goal may 
be, executing the fault prone components early, so that higher 
number of faults can be detected early in time. Since metrics 
like CK metrics, can be statistically estimated from the code 
of software, machine learning techniques can be employed to 
the test case prioritization in 
this context.  

 
 

Machine Learning based Test Case 
Prioritization in Object Oriented Testing 

Ajmer Singh, Rajesh Kumar Bhatia, Anita Singhrova 

https://www.openaccess.nl/en/open-publications
http://creativecommons.org/licenses/by-nc-nd/4.0/
https://crossmark.crossref.org/dialog/?doi=10.35940/ijrte.C3968.098319&domain=www.ijrte.org


 
Machine Learning based approach for test case prioritization in Object Oriented Testing. 

701 

 

Published By: 
Blue Eyes Intelligence Engineering 
& Sciences Publication  

Retrieval Number: C3968098319/19©BEIESP 
DOI:10.35940/ijrte.C3968.098319 
Journal Website: www.ijrte.org 
 

This research work proposes a quality centric approach to 
the test case prioritization for object oriented systems. The 
proposed work statistically evaluates the previous versions of 
software under test (SUT) to quantify the quality of individual 
modules. The quality information derived from object 
oriented metrics is used to prioritize the test cases. Support 
vector machine learning technique has been deployed to 
classify the different modules. The proposed work not only 
presents machine learning based approach to test case 
prioritization but also helps in improving the quality of 
software by identifying low quality modules from it. The 
paper is organized as follows: Section II reviews related work 
available literature in the domain. Section III explains 
proposed methodology of our study. Section IV outlines the 
empirical evaluation. And lastly, section V concludes the 
study and suggests future directions.  

II.  RELATED WORK 

Testing of object oriented software is different from the 
procedural ones. Testing in object oriented software may 
require different levels of testing to uncover the possible 
faults. Object oriented testing involves some specific 
characteristics of the software which are not present in 
procedural software. Features like Inheritance, polymorphism 
and encapsulation benefit the software development through 
code reuse and abstraction. But also some undesirable 
consequences may be introduced because of these features. 
Increase coupling in the software is one such possibility. 
While addressing the problem of test case prioritization, these 
specific characteristics need to be considered. Not much 
research work has been reported in the literature related to test 
case prioritization in object oriented testing. It is observed 
that most of work on test case prioritization in object oriented 
testing been carried out by model based approaches. Some of 
the relevant studies are depicted in following text. 
Authors in [17] proposed test case prioritization for system 
testing. The authors have considered sequence diagrams to 
generate and prioritize test cases for object oriented systems. 
Authors converted sequence diagram into sequence graph 
(SG) to represent the test scenarios. A scenario coverage 
criterion based on simple paths has been applied to the SG to 
find weighted paths for every test scenario. Object oriented 
slicing based prioritization was solicited by [18]. Class slicing 
technique was utilized by the authors to isolate the interesting 
parts from rest of program. Test scenario was modeled using 
Test Dependency Graph (TDG). Test cases are ordered by 
identifying the strongly connected components (SSCs) in the 
TDG.  The work of  [19] and [20] is based on dependence 
model of object oriented software. A modified dependence 
model generated for every new version of the software. A 
mapping of test cases and modified components is derived. 
The test cases that cover the higher number of affected 
components in the model are given higher priority. The 
authors in [21], [22] have suggested that software complexity 
negatively affects its maintainability. And also there should 
be low coupling among the software modules. Sometimes 
classes are indirectly associated and these associations bring 
into existence indirect coupling among those classes. These 
complex coupling associations between classes make testing 
and maintenance difficult and costly [6], [23]. Also there exist 
some research attempts to estimate the quality of software 

from different object oriented metrics. The correlation of 
object oriented indirect coupling and maintenance efforts is 
studied by [24]. Their study concluded that maintenance 
effort is directly proportionate to indirect coupling among 
software modules. The study in [25] considered Martin`s [26] 
metrics  and estimated indirect coupling among the software 
components. Authors also proposed new metrics for 
measuring indirect coupling. The research work in [27] 
evaluated the McCabe and Halstead metrics sets for 
prediction of fault prone modules from NASA data sets. A 
total of 21 different metrics derived from the code were 
examined and as per their investigations, SVM based 
prediction is more accurate than other counterparts namely 
random forest and decision tree. A machine learning approach 
endorsed by Artificial Neural Networks (ANN) was 
envisaged by [28]. The authors trained ANN to predict fault 
prone modules from NASA data sets. SVM based approach 
then classified the modules into fault prone and fault free 
modules.  
Also there are some research studies [12], [29], [30], that 
attempt to predict the quality of the software by analyzing the 
software from different perspectives. A SVM based Quality 
prediction model was formulated by [29]. They studied how 
Change Reports (CRs) are related with McCabe’s cyclomatic 

complexity and Belady’s metric. In their study, CRs were 

used as indicators of faults in modules. Effect of CK metrics 
on the software quality was investigated by [30]. In their 
approach, authors put some thresholds on the CK metrics. 
Different metric values are then compared against these 
thresholds and accordingly quality controlling values are 
determined for different software modules. The study in [12] 
proposed a model to that indirectly determines quality of the 
software based upon reliability, testability, maintainability, 
reusability and efficiency. The model derived these factors 
from the CK metric suite.     

Also some studies [31] and [32] considered more than one 
metric suites together for studying their integrated impact on 
measurable software attributes. The authors evaluated CK and 
Li and Henry metrics on software maintainability. In [31], 
maintainability was estimated by number of changes in three 
years of software life whereas study of [32] estimates 
maintainability through unsupervised learning. Not all the 
possible faults in the software have equal severity levels. 
Some faults may be more harmful than others. Thus, when 
determining the priority of test cases, severity of faults should 
also be taken into consideration.  Study in [33] empirically 
deliberated the consequences of CK metrics in fault proneness 
of a module. Faults with different severity levels were 
assumed to be present in software. Authors applied SVM to 
segregate the modules in fault prone and fault free classes. 
Also the studies [34], and  [35]  appraise object oriented 
metrics through machine learning and statistical techniques 
quality prediction of the software. Authors in [34], developed 
a prediction model based on CK and QMOOD metrics for 
data sets extracted from an open source software. Out of the 
six machine learning methods, random forest and bagging 
methods performed better as per their study. 
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 In another study [36], six sequential versions of Ant 
software were analyzed  to establish relationship between 
object oriented metrics and the quality of the software. 
Authors employed a linear regression model to associate CK 
metrics with the quality. Analysis of prior researches 
substantiates the beliefs that object oriented metrics 
considerably control the quality of that software and also may 
be used for assessing the software for reliability and 
maintainability. 

III. PROPOSED METHODOLOGY  

It is evident from the analysis of literature, that object oriented 
metrics are closely associated with software reliability, 
maintainability and quality. The research work proposed here, 
asses the quality of the constituent classes of the software on 
the basis of object oriented metrics. On the basis of measured 
quality, classes are categorized into good quality and poor 
quality categories. The figure 1 shown below gives brief idea 
of the proposed methodology. Where, first step involves 
extraction of the values for various object oriented metrics of 
the study. The second step determines the quality of various 
software modules. Data extraction and quality determination 
was performed by JMT1 tool. JMT provides the metric data 
for project level, class level and method level granularity. A 
class level granularity level was considered for this study. The 
third step involves analysis of relationships between the 
metrics of the study and the predicted quality. A regression 
coefficient based analysis was performed for this. In next step, 
different software modules were classified using SVM 
technique. The details of classification step are given in next 
section. The modules are segregated into two classes after the 
classification step. The boundary that isolates the two classes 
is obtained. It comprises of support vectors. In the next step, 
Euclidian distance between each data point and the support 
vector is calculated. Next step involves sorting the modules as 
per the distance from the support vectors. Finally the modules 
are ranked as per their quality aspects. The steps are further 
elaborated in next section.  

 
Fig 1 . Proposed Methodology 

A. Proposed algorithm for sorting of modules  

The fig. 2 shown below depicts the steps of proposed algorithm 
for sorting of modules.  The quality vector Qm is function of 
different object oriented metrics for a module.  

Proposed Algorithm 
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for every module mi get the quality vector 

        Qm =<X1, X2, X3,..., Xn> 

Get the score (Ɵ)of the Qm by applying scoring function 

   classify the Qm 

      {  
     if Ɵ<0   category = -1  

      else category =+1 

     } 

For every module mi get the Euclidian distance di of Qm 

from hyper plane and store di as + di if class is +1 else  

  store the di as (– di)  into a list (L). Also save the module 

index (i) in L.  /* treating  -ve values as indicators of low 

quality */ 

 

Sort the L in increasing order on the distance values. 

 
Fig. 2. Proposed algorithm for sorting of modules 

The variables X1, X2, X3... Xn represent the metrics values for 
any module m. The scoring function in second step is needed 
to classify the current data point. The value (Ɵ) of score 
function determines the class of data point. It should be noted 
that, depending upon the value of (Ɵ), module may belong to 
either a (+ve) category or a (-ve) category. Where (+ve) 
category represents the good quality and (-ve) represents the 
poor quality. Consequently, larger the distance of module in 
(+ve) direction, higher would be quality of the module and 
larger the distance in (-ve) direction, lower would be quality 
of the module. In other words, the magnitude of distance and 
direction of sign gives the quantitative measure of quality.  
Rest of the steps are self explanatory. The process to get 
support vectors and to compute distances has been explained 
in experimentation part of this work. 

IV. EMPIRICAL EVALUATION 

The experimental work including building the prediction 
model, training and validation and was performed on WEKA 
[37] tool. WEKA is open source software. A set, comprising 
60 classes from XML Security 1.4.0, was used as training 
data. The data related to version 1.4.1 was used as experiment 
data.   
A. Data Collection 

This study uses the data sets extracted from Open Source 
software “XML Security”.  XML-security is used for 
implementing XML signature and encryption standards. It is 
implemented in JAVA and its size is 16800 lines of code. We 
collected the data sets for three versions of XML Security viz. 
xmlsec-1.4.0., xmlsec-1.4.1 and xmlsec-1.4.2. It was obtained 
from Software-artifact Infrastructure  Repository [38]. The 
three versions of software consist of 317, 321 and 341 classes 
respectively. The three versions of the software were obtained 
in .jar format.  
B. Independent Variables  

From the literature review it was found that object oriented 
metrics namely Publically Inherited Methods (PIM), 
Weighted methods per class (WMC), Weighted attributes per 
class (WAC), Number of methods inherited (NMI), Number 
of Methods overridden (NMO) Depth of Inheritance (DIT), 
Number of Children (NOC), Coupling Between Objects 
(CBO) and Response for a 
Class (RFC) significantly 
affect the quality software.  
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In order to study the influence of these metrics on quality 
the study considered them as independent variables. The data 
sets these independent variables, was extracted with the help 
of JMT [39] tool. JMT can generate the data at package level, 
class level and method level of the software. JMT also 
produced the ‘name’, ‘type’ and ‘package’ information of the 

each Java class analyzed.  As these attributes do not influence 
the analysis of independent and dependent variables, so these 
attributes were removed from data sets in data pre-processing 
step. Also, all missing values were set to 0 in the 
pre-processing step. Data was normalized to avoid the 
problem of over fitting. 

 
C. Dependent Variable 
The predicted quality of individual module is variable of 
interest for this study. JMT tool, estimates the quality of 
software at class, method and package level. Software quality 
of different classes in XML security software is taken as 
dependent variable. Quality predicted by JMT is given as 
percentage ranging from 0 to 100. The values so obtained 
were normalized on a scale 0 to 1. 
D. Statistical description 
Statistical analysis of the two different versions of the SUT is 
necessary in order to know the inter dependence of these 
versions. The statistical information about the classes of the 
subject software is shown in table I, II and III below.   All the 
values are the numbers. The data from tables surmise that 
various statistical measures like minimum, maximum, mean 
and standard deviation do not vary much in inter version data. 
So the analytical inferences of one version may be applicable 
to another subsequent version as well. It also substantiate the 
fact, that test cases ranked on the basis of one version of 
software may be applied to applied to another without 
affecting the testing much. A regression model for each data 
set is represented by equations (1) to (3).  
 

Table -I: Statistical Analysis of XML-Security 1.4.1 
Metric Min Max Mean Standard  

Deviation 

PIM 0 73 7.925 10.143 

WMC 0 65 7.433 7.914 

WAC 0 65 2.941 6.038 

NMI 0 43 5.953 9.051 

NMO 0 23 1.109 2.484 

DIT 0 5 2.368 1.342 

NOC 0 25 0.461 2.175 

CBO 0 52 10.062 10.193 

RFC 0 164 22.310 26.343 

Quality 0.48 1.00 0.882 0.114 

Regression model for XML-Security 1.4.1 is as following 
Quality =   -0.0035PIM - 0.0022 WMC-0.0027WAC  
                 - 0.0018NMI -0.0065NMO + 0.0064DIT 
                 -0.006 NOC - 0.0049CBO -0.0002RFC 
                  + 0.9936                                              (1) 

Table -II: Statistical Analysis of XML-Security 1.4.0 
Metric Min Max Mean Standard 

Deviatio
n 

PIM 0 73 8.019 8.019 

WMC 0 65 7.495 7.495 

WAC 0 65 2.975 2.975 

NMI 0 43 6.028 6.028 

NMO 0 23 1.091 1.091 

DIT 0 5 2.372 2.372 

NOC 0 25 0.465 0.465 

CBO 0 52 10.136 10.136 

RFC 0 164 22.316 22.316 

Quality 0.48 1 0.88 0.88 

Regression model for XML-Security 1.4.0 is as following 
Quality =          -0.0036 PIM   -0.0021 WMC-0.0027 WAC 
                        -0.0018 NMI -0.0065 NMO + 0.0063 DIT 
                        -0.006 NOC -0.0049 CBO -0.0002 RFC 
                         + 0.9933                                                             (2) 
Table -III: Statistical Analysis of XML-Security 1.4.2 

Met
ric 

Min Max Mean Standard  
Deviation 

   
PIM 

0 72 7.657 9.708 

WM
C 

0 65 7.275 7.836 

WA
C 

0 65 2.935 5.964 

NMI 0 43 6.176 9.07 

NM
O 

0 23 1.023 2.388 

DIT 0 5 2.428 1.356 

NO
C 

0 25 0.481 2.182 

CB
O 

0 56 9.789 10.346 

RFC 0 171 22.14
4 

27.585 

Qua
lity  

0.50 1 0.885 0.114 

Regression model for XML-Security 1.4.2 is as following 
Quality = -0.0038 PIM -0.0015 WMC -0.0028 WAC 
                -0.0017NMI-0.0066 NMO + 0.007 DIT 
                -0.0062 NOC -0.0047 CBO -0.0004RFC  
                + 0.9917                                               (3) 

E. Correlation analysis of metrics 

Out of all these independent variables, some variables may 
be interrelated. Knowledge of such dependencies is essential 
for identifying the most influencing variables. Also it helps in 
reducing the high-dimensionality of the data set. A correlation 
analysis was performed the help of Principal Component 
Analysis (PCA).  
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All the metrics values were normalized on scale 0 to 1 
before applying PCA. A ten cross validation technique 
accompanied with attribute ranking search method was 
adopted as PCA configurations. Also principal components 
were configured to retain 95% originality of data sets. And it 
was implemented in WEKA. 

    The results shown in Table IV below highlight that CBO 
and RFC are the highly correlated metrics with positive 
correlation coefficient 0.95. Whereas, metrics WAC and NMI 
are least correlated with negative regression coefficient -0.20.  

 
 

Table -IV: Correlation matrix for the metrics 

 
PIM WMC WAC NMI NMO DIT NOC CBO RFC 

PIM 1 0.61 0.08 0.23 0.03 0.19 0.32 0.35 0.43 

WMC 0.61 1 0.31 -0.19 0.23 0.08 0.27 0.73 0.85 

WAC 0.08 0.31 1 -0.2 -0.07 -0.08 0.06 0.3 0.35 

NMI 0.23 -0.19 -0.2 1 0.4 0.73 0.21 -0.15 -0.12 

NMO 0.03 0.23 -0.07 0.4 1 0.43 0.32 0.36 0.32 

DIT 0.19 0.08 -0.08 0.73 0.43 1 0.16 0.23 0.2 

NOC 0.32 0.27 0.06 0.21 0.32 0.16 1 0.28 0.31 

CBO 0.35 0.73 0.3 -0.15 0.36 0.23 0.28 1 0.95 

RFC 0.43 0.85 0.35 -0.12 0.32 0.2 0.31 0.95 1 

 

F. Dimensionality reduction through PCA 

High dimensionality of the data sets hinders analysis of 
association between the independent attributes and 
classifying attribute. The PCA detects different patterns in the 
data sets and the correlations that exist among the variables. 
Strongly correlated components may be used to reduce the 
dimensionality of the data set. PCA finds the directions of 
maximum variance and transforms it to a smaller directional 
sub-space. The smaller sub-space can replace the original 
high-dimensional space while retaining all important 
information of the data sets. 
PCA computes mean vector  for the d -dimensional data 

set and produces a dd  covariance matrix. Subsequently 
eigenvectors and Eigen value are computed. Eigen value and 
vectors are sorted as per decreasing order of Eigen value. 
PCA chooses top k vectors know as principal components.  
We applied PCA with ten cross validations and Ranker 
algorithms for ranking the components. To retain the 
significant information with data set, PCA with threshold of 
-∞ and variance of 98% was adopted. The two components 

1C  and 2C were obtained. Where 1C covers 71% variance 

and 2C  covers 37% variance. The equation (4) and (5) show 

the component 1C  and 2C  respectively. 

(4)        0.041NOC- 0.227NMI-0.231WAC- 0.235NMO-0.29DIT-        

 0.376PIM-0.441WMC-0.442CBO-0.472RFCC  1 

 

(5)                  NOC 0.01+  0.114NMO- 0.226WMC+0.227CBO+   

0.252RFC+    0.261PIM-0.363WAC+0.459DIT--0.64NMI2C  

 
 

G. Classification by SVM 

SVM is a machine learning algorithm that supports 
supervised learning [40]. It can be applied for classification as 
well as regression. In classification, SVM works as a 
discriminative classifier means it segregates the binary class 
data into two classes. SVM learns from a given inputs called 

the ‘training data’ which are classified with the expected 

output [41]. Unlike other classifiers, SVM tries to find the 
best separating line for the two given data sets.  The SVM 
looks for the nearest data points from the two classes, which 
are called as “support vectors”. We applied binary SVM 
classifier to bisect the data into two classes. Working of SVM 
is explained as follows 

If   be n-dimensional feature vector. Such that  
And scalar  be the class such that , then 

binary SVM tries to find orthogonal vector and scalar b 
such that either    

                                     (6) 

 
                                    (7) 

 
 Where  represents the normal vector of hyper plane. 

SVM tries to maximize the distance between two decision 
boundaries created by (6) and (7). Geometrically, the distance 
between the two planes represented by (6) and (7) is 2ǁWǁ. A 
binary SVM segregates the data set into two classes such that 
these classes are separated by maximum distance [42]. The 
data points nearest to hyper plane constitute the support 
vectors of two segregations.   
In this study, Quality is the classifying attribute of the data 
sets. After the normalization quality attribute consisted of 
values ranging from 0 to 1, where 0 is poorest and 1 is best 
quality of the module. The quality attribute  was 
standardized to 1 and -1 as per following inferences. For any 
data point  its quality estimate is denoted by . 
 

                               (8) 
                                 (9) 

Where, is the quality indicator for any data point  and 
 being the overall mean quality of data set. The numeric to 

nominal conversion was applied to quality attribute to make it 
Binary-SVM compatible.  
SVM with poly kernel classifier and logistic calibrator was 
applied on the normalized data 
set.  
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Quadratic function based kernel is popular form of poly 
kernel classifiers. This study incorporated second order 
function for kernel.  

After application of SVM, a total of 16 support vectors 
were generated were obtained for this data set with coefficient 

(b) =1.7827.  Table V below presents the top 11 selected 
support vectors.   Table VI shows gives the accuracy details of 
the generated support vectors. It can be seen that ROC are 
around 97% is achieved. 

 
 

Table - V: Generated Support vectors 
Support 
Vector 

CLASS PIM WMC WAC NMI NMO DIT NOC CBO RFC 

S1 -1 0.041 0.250 0.076 0 0.071 0.6 0.000 0.596 0.416 

S2 +1 0.208 0.510 0.015 0.037 0.071 0.6 0.210 0.259 0.291 

S3 -1 0.375 0.297 0 0.444 0.285 0.8 0.000 0.346 0.333 

S4 +1 0.291 0.333 0 0 0 0.4 0.000 0.192 0.275 

S5 +1 0.208 0.297 0.030 0.037 0.071 0.6 0.000 0.326 0.291 

S6 +1 0.333 0.125 0.000 0.259 0.142 0.8 0.000 0.173 0.108 

S7 +1 0.291 0.251 0.000 0.259 0.142 0.8 0.000 0.173 0.133 

S8 -1 0.166 0.333 0.046 0.037 0.071 0.6 0.000 0.442 0.341 

S9 -1 0.291 0.417 0.030 0.037 0.071 0.6 0.000 0.480 0.441 

S10 -1 0.208 0.375 0.030 0.259 0.428 0.8 0.000 0.365 0.291 

S11 +1 0.416 0.453 0.015 0 0 0.4 0.200 0.211 0.183 

 
Table -VI: Accuracy measure of generated support vectors 

 
Where +1, and -1 are the two categories of the segregations 
for the software classes. Table above shows the possible 
support vectors for both the categories; +ve and +ve quality of 
the classes. The values corresponding to a particular metric 
signify the weight of coefficient of that metric in support 
vector equation. For instance the first support vector 
corresponding to first row of the table can be expanded in the 
form given in equation (10) 
S1 =   0.041(PIM) + 0.25 (WMC) + 0.0769 (WAC)  
           + 0(NMI) +0.071 (NMO) + 0.6 (DIT) + 0 (NOC) 
             + 0.596(CBO) + 0.416 (RFC)                           (10) 
 
All other remaining 10 support vectors can be expanded in 
same way. 
Supports vectors presented in table 5 are of high dimensions 
and are reduced to three dimensional spaces by applying PCA 
equations obtained in (4) and (5) respectively. The figure 3 
shown below depicts the hyper plane for the poly kernel 
function after the support vectors were reduced to three 
dimensional spaces. The hyper plane intersects on z axis in 

such a way that data points to its left represent -1 class and to 
the right represents the +1 class. 
 

 
Fig. 3. Hyper plane of Support vectors 

 
 
 
 
 

TP Rate FP Rate Precision Recall F-Measure MCC ROC Area PRC Area Class 

1.000 0.056 0.917 1.000 0.957 0.930 0.972 0.917 -1 

0.944 0.001 1.000 0.944 0.971 0.930 0.972 0.971 +1 
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H. Scoring Function 

In order to predict the class of data points, score for each 
is calculated on the basis of scoring function. The support 
vectors and kernel function collectively derive the scoring 

function ( ) for the data set. 

            
bxxKy ii

m

i
i  

),(
1


                    (11) 

Where m is number of data points, iy is the class label for 
ith instance and K be kernel function of support vector x. K 

evaluated on all support vectors obtained. i is a coefficient 

associated with ith instance. And b is scalar value produced 
by support vectors. In fig. 3, the component C1 and C2 are 

obtained from PCA algorithm and value of   is produced by 
equation (8). The graph is generated with the help of google 
graph-plotter [43]. 

I. Prioritizing the test cases as per quality metrics 

Proposed work was evaluated on a set of six test cases as 
shown in Table VII. A pair of support vectors: one from each 
category was selected.  Euclidean distance between the class 
covered and its corresponding support vector was determined. 
Results indicate that distances from the corresponding 
support vector and quality measures are highly related. 
Testing can be performed on these classes on the on the basis 
of distance from the hyper plane. 

 
Table – VII: Evaluation results 
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T1 DOMXML 0.71 (-1) 1.097 NA 

SignatureFactory 
T2 DOMXML 0.62 (-1) 1.106 NA 

Signature 
T3 ElementProxy 0.52 (-1) 1.175 NA 

T4 DSAKeyValue 0.93 (+1) NA 0.588 
Resolver 

T5 DigesterOutput 0.97 (+1) NA 0.709 

Stream 

T6 DOMSignature 0.86 (+1) NA 0.561 

Method 

J. Quality Improvement Potential (QIP) 

In a software system when the susceptibility of the code to the 
maintenance problems or proneness to the faults can be 
estimated in design phase, then the components of the 
software can be weighted accordingly. If the proneness of 
component can be compared with some threshold value, the 
components can ranked as well. When ordering the 
components for testing, the distance from the threshold value 
can be useful. The components which are below the threshold 
may need more attention of the testers and have more 
potential for improving the quality.  
Let us consider a software system with T1, T2, T3...Tn  as the 
set of test cases to be executed and C1, C2, C3, ... Cn  be the 
components code that are to be tested. Further, let Q1, Q2, Q3 
...Qn be the quality measures for these components. If Ɵ be the 
threshold of quality measure for these components. Then a 
test case, which covers a low quality component, has more 

potential to improve the overall quality of the software. 
Moreover for the components which have quality measures 
less than threshold Ɵ, their relative differences from Ɵ can be 

used to determine the corresponding weights.  In the table 
given below test cases T1, T2,...,T7 with their corresponding 
class covered is shown. Let the quality threshold (Ɵ) be of 50 

units. Also let us consider that each test case takes single unit 
of time execution time and it is required that test cases are to 
be prioritized for execution with in time constraint of 5 units.  
The Table VIII below shows the example for illustration. And 
Table IX the performance of the proposed methodology is 
compared with the random prioritization technique. The 
metric considered for the performance evaluation is the rate of 
quality improved per test case executed.  

 
Table –VIII: An illustration 

Test case Class 
covered 

Quality 
    (Q) 

Distance from 
Ɵ 

T1 C1 43 07 

T2 C2 35 15 

T3 C3 34 16 

T4 C4 32 18 

T5 C5 34 16 

T6 C6 20 30 

T7 C7 30 20 

 
Table – IX: Comparison with Random Approach 

 

V. CONCLUSIONS AND FUTURE SCOPE 

 
This research work presents a machine learning based 
approach to test case prioritization.  The study closely 
examined the correlation of software quality and object 
oriented metrics. Experimental work was performed by 
considering class level testing. SVM was employed to 
segregate the testing classes into preferred and not preferred 
classes. The study also strengthens the confidence that object 
oriented metrics control the quality of software significantly.  
The results not only attract the applicability of machine 
learning to software testing but also pave way for the 
automation of software test case prioritization in regression 
testing. 
In this work most of the metrics are related to CK metric and 
are related to design metrics. The study can be extended for 
other metrics like project and product based metrics 
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