Defect Prediction Framework using Adaptive Neur o-Fuzzy
I nference System (ANFIS) for Softwar e Enhancement Projects

Abstract: Software Defect Prediction is the process of fastiog the defect

count during various phases of software developrifentycle. Defect prediction

is vital to successful software project executionce the output is used to
proactively plan defect prevention activities. linitial phases of software
development life cycle, prediction is quite chafigely due to the presence of
uncertalnt?/ in input parameters, which constitui@an component of estimated
effort. Multiple attempts have been made by redearcin past to design an
appropriate defect prediction model but so far ndras found widespread
adoption in software industry. In this communicaficAdaptive Neuro-fuzzy

Inference system (ANFIS) approach has been proptmedesigning a defect
prediction model. In order to achieve complexitguetion and to increase model
adoption, an easy-to-use graphical user interfacaldasigned. The proposed
ANFIS based model makes use of organization’s hesb projects’ data for

building the model. The model provides a defecgeafminimum, maximum) as a
prediction output. The effectiveness and supegiaitproposed ANFIS model is
demonstrated through analysis of results achieved.

Keywords: Software Defect; Software Defect Prediction Moddural Network
gNN); Quality Management; Fuzzy Logic; Adaptive Medruzzy Inference
ystem (ANFIS)

1. Introduction

In view of the well-known fact of our being moredamore dependent on the
software-based technology, there is a growing denfan developing reliable,
affordable and faster software systems. Thisifasetting higher expectations for
the organizations to improve the overall producaliy In IT industry, defects
detected in software are most commonly considesedna of the major metrics
for quality of deliverables. A higher residual deféeakage could not only result
in budget overrun but can also result in impactitg overall customer
satisfaction index. During the signing of large agpement contracts, more and
more customers are enforcing financial penaltysgauo counter damages due to
residual defect leakage from supplier end. Henaarphg for defect prevention is
considered vital for the organization. It is alwdgneficial to focus on preventing
defects in software development life cycle rathemt expending effort in fixing
defects found by end users while software has geaeén production.

In view of the increasing complexity in systems,idtalmost impossible to
deliver software with zero production defects. Tdwurrence of defects is
considered almost inevitable and is the one ofstgeificant contributors to rise
in overall project costs due to defect fixing effdn order to prevent defects from
occurrence and to detect the leakage in the irphalses, most organizations plan
to implement defect prediction model. The CapapMaturity Model Integration



(CMMI) is a globally-adopted capability improvemdramework that advocates
use of appropriate defect prediction model as dnde high maturity practices
for process improvement under Quantitative Prdahagement process area at
Level 4. In order to achieve CMMI level 5 certdimn, organizations need to
showcase the benefits achieved by implementing tqaiwe techniques like
statistical process control charts and defect ptedi model (Tamura, 2009;
Vashisht, 2014). Defect count prediction enablegegt manager (PM) to take
data driven decisions. Based on outcome of modebrdganizations can perform
contingency planning for areas that need necesatiention and investment
(McDonald et al, 2007). Prevention activities maglude setting up multiple
review channels, usage of automation tools andperhg process audits.

In the recent past, there has been an increasege ush computational
intelligence (Cl) technologies such as fuzzy logieural networks, and ANFIS,
to solve issues in the field of software enginegrifhe Cl technologies have been
found to be particularly successful in solving gesbs such as effort and defect
prediction that arise as a result of measuremdmthvis not precise and
inaccurate (Boetticher, 2003; Khoshgoftaar, 201). this communication,
ANFIS approach has been proposed for designingecidprediction model for
software enhancement projects.

Next section describes about software enhancemethiotiology.

1.1 Software Enhancement Methodol ogy

Enhancement life cycle methodology aims at achgginmprovements to existing
software in terms of functionality / technologidie enhancement methodology
is most suited to the situations in which there @mestantly changing customer
requirements, involving partially or fully completerojects. The changes may
involve functionality or technology upgrade. Onbe tsoftware is delivered; the
maintenance and enhancement of application softa@meume a major portion
of the total life cycle resources that includestanisthe system (Lientz et al.,
2003; Canning 1972). Most legacy software systenos mbt have well
documented requirements, which pose a great clgalléor project manager to
plan for software enhancement to existing prodiMast of the times, the person
who would make changes to code is different frora gerson who initially
authored the code. In such cases, defect preveftttimugh defect prediction
becomes all the more vital. Jones (2006) suggekttdhe ongoing maintenance
of legacy software is becoming more difficult y&gryear since software updates
gradually changes the original architecture ofapplications.



It has also been observed that most research worke dn past regarding
software defect prediction is focused on develogrpenjects, instead of software
enhancements or software maintenance projectsqRjgi996). To address this
issue, a defect prediction model for software enbarent projects is being
proposed, justifying the investigations reportectbtigh this communication. In
this communication, three distinct phases (Requar@nGathering, Construction
and Testing) of projects regarding software enhiauace life cycle are considered
for designing the model. In view of the fact tleffiort and duration for analysis
phase and design phase play a minimal role, trectpfediction for these phases
is not taken into consideration.

In the next section, ANFIS overview is providedidaled by literature review,
section IV discusses proposed framework followedrésults discussion and
conclusion.

2. Adaptive Neuro Fuzzy I nference System (ANFIS)

In the last few decades, study in the field relatedrtificial neural networks and
fuzzy inference systems has been a major areansid®ration, especially in the
areas involving specific type of uncertain knowledguzzy logic based systems
have the ability to represent, and to draw infeesnoegarding comprehensive
linguistic knowledge, though vague yet understatedlabhuman experts (Sridhar
and Gill, 2015). Nevertheless, fuzzy systems lduokita to obtain and tune the
rules automatically. While, neural networks basgdtesns are known to be
adaptive and can be easily trained and tuned frooviged data set. Fuzzy
systems and neural-networks are known to be conglaary paradigms for
addressing such complex problems; hence, it isralatto combine these
technologies to create hybrid systems (Aldair arehgy 2010).

An adaptive neuro-fuzzy inference system (ANFIS)hteque integrates both
neural networks and fuzzy logic principles in agénframework. ANFIS makes
use of training algorithm supported by NN architees (Nauck, 1997; Del et al.,
2008). This technique got developed in the ear§0s%nd makes use of Takagi—
Sugeno fuzzy model which is known to be more corhpad computationally
efficient than Mamdani model. In this approach, ASIFinference system
corresponds to a set of fuzzy IF-THEN rules thatehigarning capability with
appropriate membership functions to generate thdtras stipulated input output
pairs (Jang, 1993; Takagi and Sugeno, 1995).



Figure 1 Atwo-input first-Order Sugeno Fuzzy Model with two rules ( Jang, 1993)
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Figure 2 Equivalent ANFIS architecture { Jang, 1593)
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In a Sugeno model, a typical fuzzy rule is desctias:
ifxisinAandyisinBthenz = f(x,y) (1)

In equation (1), A an® are fuzzy sets in the antecedent, And a crisp function
mapping the ordered pdix,y) toz the consequent. The functigns a
polynomial function which describes the model otipithin fuzzy region
specified by the antecedent of the rule.

In Figure 1, a two-input first-order Sugeno Fuzzgdél with two rules is shown
with corresponding ANFIS Architecture presentedrigure 2.

Rulel: if x is A1 and
y is B1, then(f1 = plx + qly + r1) (2)

Rule2: if x is A2 and
yis B2 , then(f2 = p2x + q2y + r2) 3)

The five layers of ANFIS architecture are explaimedable 1 (Jang, 1993).



Table1 Description of layers in ANFIS architecture

Layer
1

Every nod i in this layer is an adaptive node with a node fiom
0! = jua,(x) (4)

Where x is the input to nodeandA is a linguistic label associated with
this node. In other word®; is the membership grade offand it
specifies the degree to which the given input isBas the quantifies .
Here the membership function fAr can be any appropriate
parameterized membership function:

Ha; (x) = )

pa 00 = epf- (£9)7] ©)

4

Where{ai, bi, ci} is the parameter set referredpaamise parameters.

Layer

In this layer every node is a fixed node whose wilip the prouct of
all the incoming signals.

07 =w; = s () X ppg, () ,i=1,2  (7)
Here, output of each node represents the firirgngth of a fuzzy rule.

Layer

In this layer every node is a fixed node labeN. Theith node
calculates the ratio of théh rule's firing strength to the sum of all rulg
firing strengths, output is known aermalized firing strengths:

D
m.

0} =w; = —— ,i=1,2 (8)

t w1t+w;

Layer

Every nod i in this layer is a square node with a node func

Of =wif; = w,(pix + qy+1), i=12 (9)

Where w; is a normalized firing strength from layer 3, dpd, q;,7;} is
the parameter set of this node. Parameters inldlgex are referred to
as consequent parameters.

Layer

The single node in this layer is a fixed node lat >, which compute
the overall outpués the summation of all incoming signals:
0; = overall output = ¥,; w;f; = % (20)

The task of the learning algorithm for this arcbitee is to tune all the
modifiable parameters, namely; b; c; } and {p; q; r; } to make the ANFIS
output match the training data. When the premisarpatersa; b; andc; of the

membership function are fixed, the output of theFASImodel can be written as:

f =

W1 W»

fi, + f, (11)

W1+ Wwp W1+ A4
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Next section describes the related literature mevie

3. Related Literature Review

Few of the areas where ANFIS approach, which igl dee this investigation,
has been successfully used:

Prediction of software maintenance effort of conmeradr software
systems has been evaluated using various techneqegesults of
ANFIS were observed to be the best. (Kaur et QL0

ANFIS has been used for predicting the reliabilifythe software
using attributes such as size of software, numbé&ailores and Total
time (Bhardwaj and Sinha, 2015).

ANFIS has been used for Tamil speech word recagnigystem
(Rojathai and Venkatesulu, 2014).

A method based on ANFIS has been used to evalbatesdftware
reliability. The model makes use of the reliabilitgta of one software
project as an input data, and use the predictiarl@bility as output
data (Yuan and Zhang, 2011).

Neuro-fuzzy technigue has been used for estimasoffware
development time. The results showed that neurpyfuzystem is
much better than fuzzy logic and neural networkemwhsed separately
(Marza, and Teshnehlab,2009).

ANFIS based technique has been implemented folqtiregl software
effort. The same was compared with neural netwasdeld technique
and was found to be performing better (Mewada.e28ll 3).

A comparative analysis using ANFIS was done to iptelével of
impact of faults in NASA'’s public domain defect da¢t coded in Perl
programming language. The accuracy value of trainedro-fuzzy
system was found to be 93.33 % (Ardil, 2010).

ANFIS has been successfully applied for predicBofjware change-
prone classes in the early phases of software owent (Peer and
Malhotra, 2013).

ANFIS has been used for estimating effort and tithe, prediction
results were better than the models based on flogig and neural
networks, when used separately (Marza and Teshne20Q9).

ANFIS has been used for estimating software effGdamparison of
various membership functions was done and the teeshlowed the
trapezoidal membership function was better comptrexher kind of
membership functions (Praynlin and Latha, 2012).

In the next section proposed framework is discussed



4. The Proposed Framework

ANFIS is a hybrid Al technique, which combines b&sdtures of fuzzy logic
and parallel processing neural networks. Since A\pdssesses fast convergence
and has more accuracy than back propagation neetrabrk, it is considered to
be a universal estimator (Jang et al., 1997). Kperments reported here involve
data sets taken from 50 real projects from a |lsafewvare organization. Out of
this dataset, 40 projects are used for trainingntioelel and the rest 10 projects
data is used for validating/testing the trained edad MATLAB environment.
Considering the fact that the degree to which histb data is similar to future
data determines the degree to which the model gisethie future events; the data
has been segregated appropriately. Table 2 prowdesmation regarding the
structure of the adaptive neuro-fuzzy based infegesystem.

Table2 Configuration settings for ANFIS based modeling

S

Né. Parameters Description
1 Training 40 samples of 4 elements (4 X 40)
Samples [Production, Review, Rework & Prevention
2 | Target Sampleg 40 samples of 1 element (1 X 40) [Defect]
FIS (Fuzzy
3 gn;zggge Grid Partitioning
Method
Number of
4 | Membership | 3, 3, 3, 3 (for each of the four inputs)
Function, MF
5 | MF Type Gaussian, Linear
6 Number of 81
rules
Training
7 | Optimization | Hybrid
Method
Average 0.28771 (Requirement)
8 | Testing error a| 2.2389 (Construction)
epoch 3 1.9647 (Testing)
9 | Defuzzification | Wtaver, (Weighted Average)

ANFIS makes use of a hybrid learning algorithm ffarameter identification of
Sugeno type FIS. Sugeno model is computationdflgient, works well with

linear optimization and adaptive techniques. k& gaaranteed continuity of the
output surface and is well suited to mathematicallysis ( MathWorks, 2013) .
Figure 3 provides ANFIS structure for the Requiream&athering phase of
software enhancement projects. The structure wbalthe same for other two



phases of enhancement life cycle. The branchesrsiotihe ANFIS architectur
are color coded, which characterize the fuzzy ruked

Figure 3 ANFIS Structure for Requirement Gathering Phasé faitr input:

input inputmf e outputmf output
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The anfis functionality in Fuzzy Logic Toolbox accomplishes the member:
function parameter adjustmenifthis adjustment allows fuzzy systems to le
from the data being modeledANFIS uses twcdatasets, one for training and the
other for testing. In our casérst dataset of 40 projects is used for trainamgl
other dataset of 10 projects is used for te the trained model. Both datasets are
from the historical projects, whih were completed at the organization.
Considering the stability of system and minimuminireg error, he number of
epochdor training purpose is set to Each of the three SDLC phases, four inputs
(viz. Production effort, Review effort, Rework effcand Prevention effort) has
Gaussian membership function with 3 membershiptiandor each inpt.

Figure 4 Fuzzy Inference System.
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Figure 5 Membership Functions for inputs (Production eff
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The fuzzy inference system is shown in ure 4 and Figure 5 depicts
membership function for Production effort, whictoise of the input paramet

Gaussian combination membership func is represented as:

y = gauss2mf(x,[sigl c1 sig2 c2]) (14)
The Gaussian functiotiepends on two parameters sig and c as give

- (x—c)2

f(x;0,c) = e 207 (15)

The functiongauss2mf is a combination of two of these two parameterse
first function, specified bysigl and cl1, determines the shape of the left-most
curve. The second function specified sig2 andc2 determines the shape of the
right-most curve. Whenevel < c2, the gauss2mf function reaches a
maximum value of 1. Otherwise, the ximum value is less than one. The
Gaussian function has been used for specifying ftlzey sets due to the
smoothness and concise notatigroperty and having the advantage of being
smooth and nonzero at all points.

The parameters are listed in the or

[sigl,cl,sig2,c2] (16)
Figure 6 Training Error for three phase
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The model is validatedy using remaining 10 data s. For the purpose of
validation, the training error (reféiigure 6) is defined as the difference between
the trainingdata output value and the output of the fuzzy erier. The average
testing error achievedt epoch 3 is 0.28771 for Requirement Gatheringsg)



2.2389 for Construction phase and 1.9647 for Tggtimse. The lower values of
testing error show better quality of prediction.eTkey point to observe here is
that by emulating the fuzzy rules in neural netwarkhitecture, the network can
now be trained with standard back propagation nustho response to training
patterns. This means that the shape of the mempdtsittions and the strength
of the connection for the rules can be adjustedleached. When the training is
completed, the neural network can simply be coedetiack to fuzzy rules, if

desired ( Badiru et al., 2002).

4.1 Graphical User Interface Devel opment

The execution of the defect prediction model coodtome a deterrent if the
operation is complex and is not end-user friendly. this communication, to
facilitate the operation, Matlab toolbox is usedasign and develop a graphical
user interface to input the data. The tool usey tmb windows, the first for
identifying the SDLC phase for which predictionresjuired and the second to
input the planned effort for activities. Output tfe defect predictions is
displayed in a separate window(refer Figure. 7).

ANFIS Options =l e Figure 7 Defect Prediction
System Ul
@ Wwhich ANFIS Model do you need?
| Requirement ; | Construction I | Testing ;
u s o | |
Iir;dudinn: u Result l'-“:"' Bl X
Rewiew: Predicted Defects Range: 15-17
& OK
Rework: :
A
Prevention
1
0K Cancel

The functioning of GUI is as follows:

* For any new software enhancement project, the sadwill provide the
inputs to the GUI. The inputs include planned ¢ffan person days for
that specific SDLC phase. Apart from productionosdff the planned
review effort, planned prevention effort and thanpled rework effort are
also required as a feed to the model.

* Model would process the inputs and predict the adefeunt for that
particular SDLC phase. The model would providedb&ect count range
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, that includes minimum and maximum numbe predicted defects.
The defect forecast for other two phases is domeguthe same steps
listed above.
5 Comparison of results

The performance of the defect prediction model $oftware enhanceme
projects is validated by comparing the trencthe outputs; one obtained through
ANFIS based model and the oth®ing theactual output. The defect trend chart
(refer figure § shows that, in most caseactual defects follows the ANFIS
prediction trend.

Figure 8 Comparative trend of defects predicted by ANFISA¢tual Defect

Comparison of defects data for 10 Projects - ANFIS Prediction V5 Actual Defects | Requirmeent Gatharing Phade |

! 2 5 4 5 & ] L ¥ -]

Pragedts

Cosmparkuon of delects data for 10 Projedts @ ANFIS Prediction vs Actual Defects
| Contruction Fhade )

Dafocts

= Agtand dedrgty

—i- Fredems Defects

Campariton of defeets date for 10 Projects during Validetion : ANFIS Predistion VS Actual Defeses | Testing Phase |

[t
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The overall accuracy of ANFIS based defect predlictmodel is calculated
based on the count of predicted defects and adefatts. The overall accuracy
on the validation data of 10 projects is 91.8 % lavlthe overall accuracy
considering 50 data sets comes around 88 % (rigferef9). The accuracy of
validation data sets of 10 projects during requeetrgathering and construction
phase is 93.4 % which is comparable to 93.33 %racguachieved on NASA'’s
MDP (Metric Data Program) data repository (Ardi1®).

Requirement Phase Construction Phase Testing Phase
Project #|Actual ANFIS  [Accuracy ANFIS Actual ANFIS Accuracy ANFIS Actual ANFIS  |Accuracy ANFIS
Defect | Pedicted Defect Pedicted Defect Pedicted
Count defects Count defects Count defects
Pl 3 2.8 93.1% 15 16.9 87.1% 15 13.3 88.6%
P2 4 3.4 B4.7% 27 244 90.5% 26 23.2 89.2%
P3 3 2.7 88.5% 25 24.2 96.8% 22| 22.1 99.5%
P4 1 1.3 67.1% 15 15.5 96.6% 13 12.7 97.7%
PS5 1 1.0 99.9% 13 15.2 83.4% 9 7.8 86.4%
P& 1 1.3 74.8% 19 23.7 75.3% 15 15.3 97.7%
P7 1 0.7 70.8% 13 13.6 95.5% 11 12.0 90.5%
P8 1 1.0 99.6% 12 12.0 100.0% 10| 10.1 99.1%
P3 4 37 91.4% 24 24.5 97.8% 26| 20.0 77.1%
P10 1 1.2 78.7% 10 10.2 98.2% 6 71 3L.7%
P11 1] 0.8 83.5% 19 22.9 79.5% 25 23.0 91.3%
P12 1] 0.8 76.1% 10 10.2 97.8% 5 7.6 48.4%
P13 1] 0.8 78.8% 13 23.2 77.9% 18 20.2 87.8%
P14 1] 1.7 25.9% 6 5.9 98.1% 10 8.4 83.7%
P15 1 1.1 91.7% 10 10.3 91.1% 13 12.9 99.2%
P16 2 1.7 82.9% 10 11.4 85.5% 6 8.9 50.9%
P17 4 3.9 96.7% 18 24.6 63.4% 15 15.1 99.6%
k] 2 1.8 9L.7% 16 14.2 38.8% 10| 10.2 98.3%
P19 2 2.4 80.0% 14 15.3 86.7% 12| 12.5 96.2%
P20 1 1.7 29.4% 12 15.0 75.3% 11 10.5 95.8%
P21 3 3.2 93.2% 19 18.0 94.5% 13 12.8 98.4%
p22 2 1.7 85.8% 24 23.9 99.6% 18| 16.2 90.1%
P23 3 2.6 86.7% 10 11.5 85.5% 8| 7.7 96.6%
P24 2| 1.7 86.9% 14 16.1 85.3% 15 15.8 94.8%
P25 5 5.3 94.2% 23 21.0 91.4% 13 18.7 98.5%
P26 2| 2.3 87.0% 13 16.6 92.3% 12 11.5 95.6%
P27 2 1.9 96.5% 20 19.7 98.7% 11 13.8 74.7%
P28 2 3.1 47.4% 25 24.3 97.3% 24 23.8 99.4%
P23 1 0.9 88.9% 10 8.8 88.4% 7 7.6 91.4%
Pao 1 1.0 99.0% 23 22.5 97.9% 24 23.8 99.2%
P31 1 1.6 38.4% 20 19.4 96.8% 14 14.1 99.0%
P32 2 2.1 96.5% 15 14.3 93.2% 12| 11.2 93.0%
k] 2 1.6 8L.4% 24 22.1 92.1% 22| 22.8 96.6%
P34 2 1.3 90.6% 16 16.7 95.4% 9 14.1 43.6%
P35 2 1.6 80.4% 14 14.1 98.9% 20| 14.1 70.3%
P36 1] 0.3 90.5% 13 23.5 69.6% 18 17.0 94.3%
P37 1] 0.8 83.4% 13 17.7 98.4% 17 15.6 91.5%
P33 1] 14 55.8% 9 6.0 66.4% 16 15.2 95.2%
P3s 1 0.7 73.3% 17 16.8 98.7% 16| 15.6 97.2%
p4o 2 1.3 88.0% 19 16.1 85.0% 13 12.0 92.1%
P41 3 2.9 98.0% 5 5.6 88.6% 5 4.7 94.0%
P42 1 1.1 90.0% 8 8.5 94.1% 2 1.9 95.0%
P43 1 1.1 88.0% 8 7.5 93.8% 17| 16.1 94.9%
P44 3 3.0 98.7% 28 26.5 94.6% 70| 20.7 29.6%
P45 3 2.9 96.7% 25 24.1 96.3% 20| 13.0 95.0%
P46 2 1.3 90.0% 17 14.2 83.4% 15 14.5 96.3%
P47 1 1.1 9L.7% 11 10.3 99.0% 12| 115 95.5%
Pas 2| 2.1 95.0% 16 16.9 94.2% 14 13.3 95.0%
Pag 1] 1.1 90.0% 11 10.2 92.5% 7| 6.8 96.9%
P50 2| 2.1 95.0% 24 24.3 98.6% 24 23.8 99.4%

Figure 9 Model Accuracy Calculation
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6. Conclusions

The study was conducted to illustrate the potemftectiveness of ANFIS
approach in respect of software defect predictiondata sets from software
enhancement projects. The accuracy of validatigh data sets from 10 projects
during requirement gathering and construction phe$3.4 %. The results from
experiments indicate that the proposed ANFIS basedel has better defect
prediction capability. The conclusions are basedirmestigations of software
enhancement projects regarding a large softwaranargtion. In order to adapt
the proposed prediction model to suit other soféendevelopment methodologies
like ERP, Agile, Production Support, etc, furthép# is required.
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