ISSN 2319-2720

Volume 7, No.2, April — June 2018

International Journal of Computing, Communications and Networking
Available Online at http://www.warse.org/ijccn/static/pdf/file/ijccn58722018.pdf
https://doi.org/10.30534/ijccn/2018/58722018

Software Predictive Classification Using Relational Association Rules
and Naive Bayes Approach

Swathi K*, Dr. Arun Biradar?
'Research Scholar-VTU& Asst. Prof. KSIT Bangalore, India, k.swathi980@gmail.com
*prof. & Head Dept. of CSE- EWIT Bangalore, India, hodcsea@gmail.com

ABSTRACT

Software quality is taken into account to be of nice importance
within the space of software system engineering and
development. So as to extend the potency and also the quality
of software system modules, software system defect
predictionis employed to spot defect prone modules and this
helps in achieving high software system responsibility.
Software fault prediction is usually a posh space of analysis

and software system practitioners and researchers have
applied various ways that to predict wherever the fault is
probably going to occur within the software system module

and their variable degrees of success. These prediction
studies ends up in fault prediction models and it permits
software system personnel to target the defect free software
system code, thereby leading to software system quality
improvement and using the higher utility of the resources.
During this Paper style Approach for software system. Defect
Prediction is adopted.
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1. INTRODUCTION

Software defect prediction is often a herculean space of
analysis and software system practitioners and researchers
have allotted various ways that to predict wherever the fault is
probably going to occur within the software system module
and their varied degrees of success. These prediction studies
leads to fault prediction models and it permits software
system personnel to target the defect free software system
code, thereby leading to software system quality improvement
and using the system quality comes into image, then software
significant role. Software system is represented. This analysis
work primarily concentrates on the ASCII text file of software
system systems and not their functions or behavior of the
system. The prediction of software system defects at AN early
stage can build the corporate professionals to deliver a high
quality product to the tip customers, because the value
incurred for the event play a significant role.

2. RESEARCH METHODOLOGY

To improve software system quality, it's essential for software
system developers to spot defective software system modules
at any section of software system Development Life Cycle
(SDLC). Several machine learning based mostly classification
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models were designed and area unit still obtaining improved
to unravel the matter of defect prediction. The effectiveness of
those models area unit influenced chiefly by 2 key quality
information of factors — set of software system metrics won’t
to build the models and proportion of defect-prone instances
within the software system measure data set. During this
thesis chapter, a classification model is projected that could be
a combination of relative association rules and ancient Naive
Thomas Bayes technique. The projected classifier discovers
relative association rules on the metrics information supported
user outlined confidence & support throughout coaching stage
and integrates with ancient Naive Thomas Bayes at testing
stage to predict whether or not a software system module is
flawed or non-defective.
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Figure 1 Proposed Design approach for software defection process
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4. THE PROPOSED STEPS OF TRAINING PROCESS

Determine the set of attention-grabbing relative association
rules having minimum support and confidence from the
coaching dataset using DRAR formula. Discover
attention-grabbing rules beginning with 2 attributes Perform
discovering attention-grabbing rules till total variety of
attributes are reached. Establish  greatest length
attention-grabbing rules in every rule set by scrutiny 1st rule
set with second rule set and decide those rule. From 1%rule set
that doesn‘t extend in second rule set.

Implementation of Proposed DRAR Algorithm

publie class Class_ex1 | publie class Class_ex2() {

public static int attrl;
public static int aitr2;

private static int attr3;
privale static int attrd;

public static void method1()

I ]
I i

attrl =0
method2():

public static void methodd()

Class_ex1.atir] =0,
Class ex].att2 =0,
Class_ex].method1();

i |
] |

public static void method2()
| |
atte2 =0,
attel =0,

public static void method5()

attrd = 0;
altrd = 0;

Public static void method3()

public static void method6()

atte2 = 0; alrd = 0;
attrl =0; methodd();
method1(); method5();
method2();

Figure 2 Code example

Maximal length of fascinating relative association rules
extends up to a complete range of attributes supported rules
satisfying the required minimum confidence and support.
Confirm defect chance for every rule by hard what number
instances within the coaching dataset that happy the rule
against total defective instances. The obtained worth is keep
as defect chance for the rule. Confirm non-defect chance for
every rule by hard what number instances within the coaching
dataset that happy the rule against total non-defective
instances.
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While end of all rule sets
Do
While end of all rules in a rule set
Do
Step 1 Apply rule to the new instance
If rule is satisfied

Step 2; Multiply defect likelihood of the rule with existing value
{initially 1),

Step 3: Multiply non-defect likelihood of the rule with existing value
{imitially 1),

End

Step 4: Determine prior probability of each class (defective or non-
defective) as,

Count of defective instan ces

Step 4.1:

* Total number of input testing instan ces

- Count of non — defective insfan cos
Step 4.2: — -
Total number af inpul testing insfan ces

Step 5: Determine prior probability of predictor (rules) as,

Number af rules satisfied by the new instance

Total number of rules ina rule set
Step 6: Determine posterior probability of a defective class as,

Diefective likelthood of the riles (from step 2)» prior probabilite of
defective class (from siep 4.1)
Prior probabilite of rules (from siep3)

Step 7: Determine posterior probability of a non-defective class as,

Non - defective likelthood of the rules (from step 2)% prior probabilit: of
ot = defectiveclass (from step 4.2

Prior p.l'r.lhn'hhfm' af rufes {ﬁ'r?rn siep3)

Step 8: If (posterior probability of defective class > posterior
probability of non-defective class) then Increment score_positive by |
otherwise Increment score_negative by |,

End

Step 9: If score_positive > score_negative then declare new instance as
defective otherwise declare new instance as non-defective.

5. CONCLUSION

The obtained worth is keep as non-defect chance for the rule
develops emotional neural network ELMAN predictor for all
the datasets thought-about classifier DRAR_NB is best than
existing classifiers that area unit already applied for package
defect prediction. The datasets thought-about for experiment
area unit Eclipse and PROMISE open supply comes — Lucene,
Eclipse_PDE, Eclipse_JDT, CM1, KC1 and PC1 with latest
version. The experiments were conducted with and while not
method metrics as options to planned classifier so as to work
out the impact of method metrics on prediction model. The
obtained results shows important improvement of 11
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November and twenty fifth in predicting true positive
instances on datasets hymenopterous insect and artiodactyls
mammal once method metrics area unit combined with
product metrics instead of predicting supported product
metrics solely. In spite of the planned classifier, leading to
higher answer relatively, it'snoted to possess stagnation
throughout the prediction method, as a result to beat these
occurrences succeeding.
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