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Prediction of Cost and Defects in Software
Development using Bayesian and Subspace
Algorithms
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Abstract: Software Development is the discipline of initiating,
organizing, executing, controlling and completing the project
work of a group to accomplish target and meet progress.
Prediction of software defects plays an important role while
building high quality software. Machine learning algorithms are
utilized in software development for better Performance. Machine
learning algorithms have proven to be of great practical value in a
variety of application domains. They are particularly useful for
poorly understood problem domains where little learning exists to
develop powerful algorithms and for the domains where there are
expensive databases containing valuable implicit regularities to be
discovered. Machine learning is a kind of Artificial Intelligence
(Al that enables programming applications to end up more exact
in expectation results. The main objective of this paper is to
predict the cost and defects of a project or an application in an
efficient manner by applying machine learning algorithms. The
Bayesian and subspace algorithms are implemented to predict the
defects and to make decisions whether the project can be
continued or not. Two algorithms are compared and the results
are exhibited by applying on software defect data set. .

Index Terms: Software Development,
Bayesian Algorithm, Subspace Algorithm.

Machine Learning,

I. INTRODUCTION

Enhancing defect free software is strenuous as there will be
untold bugs where the fundamental concepts of the software
development methodologies need to be employed. Because
of some software modules, the deployment stage of projects
will be burden for the users and high for enterprises. So,
estimating the defective modules or files in a software is a
definitely a challenging task, since it assists in minimizing
the total cost of the software and increase in success rate.
Estimation of deficiency provides many choices to the
development team by re-examining for which the
defectiveness estimation is high. By examining defective
modules, the resources of the project were employed better
which results the deployment of project very easy for both
users and project team.
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Even there are many literature studies, defect estimation is
quite difficult to solve. There are many conclusions about
description of defects which leads to wrong issues. This can
be understood in a better way when defects that were
described were recognized [1]. The vital task in Software
Project Management is estimation of software development
effort. Many designs were suggested to build a correlation in
between software size and effort. But still many issues were
present due to project data, available of the project in the
initial phases is usually half-done, inconsistent, pending and
unclear [2]. The effort estimates are applied as input to
project plans, iteration plans, budgets, investment analyses,
cost processes to get precise evaluations. The main aim of
this paper is to estimate the required effort to build a software
artifact. Over grazing of this effort may cause the tight plan of
software development and issues may be left in the system
after delivery, whereas under estimation might cause a delay
in system delivery and may get complaints from customers
[3]. The significance of this process has stimulated the
development of prediction models to evaluate the required
effort as exact as could be expected under the circumstances.
The basic idea of applying machine learning strategies for
effort prediction is that the historical dataset contains
numerous historical projects which are portrayed by features
with their values. These projects and the values can be
utilized for similar projects in estimating the project efforts.
The aim of Machine Learning techniques is to grasp the
deep-rooted pattern of feature values and their relations with
project efforts, which can be utilized for evaluating the effort
of new projects [4].

1. LITERATURE REVIEW

In the year 1996 the authors M. Shepperd and C. Schofield
followed the technique to evaluate by analogy to report the
project for which the evaluation was done and to use this
version to detect similar projects which were completed. The
cost values for these projects were used to build and evaluate
the new project. Analogies are detected by evaluating
Euclidean distance in n-dimensional space where each
measurement relates to a variable.
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The wvalues should be standardized because each
measurement must contribute parallel weight to the
revelation of discovering analogies [5]. The information
required cannot be categorical and it works only with binary
values. This may be due to a lesser degree a confinement than
it initially shows up since such information might be better
utilized to split huge datasets to homogeneous ones.
The project for which the cost is to be estimated is compared
with the similar projects that were executed previously to
check whether this type of project was done previously or
not. If such project exists, required data is taken to develop
the project. If multiple projects are available, then a project
will be chosen based on the user requirements to estimate the
effort. The benefit of this approach is that assessments can be
made based on actual project, estimator's past involvement
and data. The impact of the project can be estimated by
comparing the existing project with the one to be developed.
The main drawback of this approach is one should know how
much close it is and whether it is certain to put in the
analogies as very few might lead to actual projects being
used.
A. Machine Learning Algorithms for Software Project
Time Prediction
In the year 2015 the authors W Han, H Jiang, X Zhang, W Li
determined that the Software Project Management (SPM) is
one of the important feature to accomplish whether code can
be executed successfully or failures are existing. Estimation
of code improvement time is the key assignment for the
effective SPM. The precision and reliability of estimation
procedures are also equally important. Many Machine
Learning methods were compared to predict the time
required to develop the software [6]. To perform this, the
measures like MRE, MMRE and MDMRE are used.
Algorithms ranking was made based on the values of the
metrics of interest. Table 1 depicts the values of the
algorithms LR, MLP, M5P, GP, LMS and RT.

Table 1 : Comparison of Algorithms

LR MLP | M5P | SMO | GP LMS | RT
MRE 091 | 0921 | 0.897 | 0.956 | 0.976 | 0.898 | 0.921
MMRE | 0.875 | 0.936 | 0.934 | 0.895 | 0.951 | 0.921 | 0.937
MdMRE | 0.915 | 0.899 | 0.911 | 0.901 | 0.96 | 0.932 | 0.945

The algorithms are processed on the project data to compute
Correlation Coefficient with which software model for defect
prediction can be built and compared. It is observed that
Gaussian Process (GP) is giving better result when compared
to other algorithms. The main disadvantage is that GP has to
consider the entire samples for prediction and may be less
effective when the number of features increases.
B. Machine Learning algorithms for
Management Performance Prediction

In the year 2017, author Sefa O.saglam said that
organizations firmly depend on decision support systems and
the working hours has been extended as the significance and
pro-activeness of the project manager is increased.

Project
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Agile Project management strategy focus on priorities related
to problems and approaches. To solve difficult problems
incremental iterative or sprints can be developed. What
makes agile an important matter of risk assessment is also
carried out to minimize the effect of anticipated risks in the
given activity and provides a steady process [7].

I11. RELATED WORK

Prediction of defects in software development plays an
important role in developing the software. The quality of the
software can be improved by identifying the defects as early
as possible. At present scenario, software modelling equips
gateway to different circumstances like system adjusting to
situations, areas of study and no existing processes available
for developing powerful algorithmic methods [8, 9]. A
procedure is transformational programming, in which the
software is built, redesigned and supported at a certain level
and then instinctively modified in production quality
software through automatic program synthesis [10]. This
software development model will allow software engineering
to become the discipline to acquire and automate the
currently undocumented domain and design knowledge [11].
Software developers distribute knowledge-based application
generators instead of non-modifiable application programs.
Machine learning manages the topic of how to assemble
computer programs that enhance their performance at some
function through experience [12]. Machine Learning
principally focuses on the target data. The study involves
understanding the target data from training sample data
which includes numerous topics. Machine leaning
procedures were utilized in enhancing better tools or software
products.

A. Software defect prediction

Software Defect Prediction (SDP) is one of the most helpful
activities, which identifies the modules with defects. The
testing methods can be applied in an organized manner by
recognizing the defected modules. The output of the Defect
prediction produces the catalogue of defect-prone areas so
that quality team allots services to minimize the defects [13].
An increase in the size of the projects makes the defect
estimation methods to play a significant role in encouraging
programmers to develop more reliable software applications.
Software defect estimation is an extremely valuable to check
the quality and maintenance effort before software systems
were deployed [14, 15].

Bayesian networks provide are extremely reasonable and
useful procedure for software defect prediction. It is
recommended to build a Bayesian network that reflects all
software development activities like analysis, design, coding,
testing and maintenance. Consider Bayesian network
generation in three steps:
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(1) Define Bayesian network variables; characterize the
underlying connections among the network
variables.

(2) Generate the probability distribution of each variable
in the network.

(3) Calculate the joint probability distribution of the
hypothesis variable.

B. Project effort (cost) prediction

Prediction of cost for a software application is a primary
concern in software development. The accurate estimation is
hazardous for both programmers and end users because
underestimation may result in poor quality of the software
and overestimation may increase the budget which results in
allocation of many sources which were not necessary [16]. A
software project generally doesn’t get fail in implementation
but they fail if the planning and estimation is not done
correctly. A viable approach to handle effort estimation is
Bayesian Belief Networks (BBN). BBN contributes its best
for circumstances where an algorithmic model is not
applicable for prediction. BN(Bayesian Network) are
utilized for estimation by demonstrating the flow of the
development procedures and by their communications.

1V. EXPERIMENTAL WORK

A. Proposed Architecture

D'”p”t | sbLc Report
oct:men 7|1 Activities » Generati
on
\ 4
Applying
Output Algorithm
Predict |« S
ion

Figure L System Architecture
Figure 1 provides the overall proposed framework describing

the process.

Steps:
e The benchmark dataset (Project data) is taken into
consideration
e The dataset considered here is a software
development dataset and SDLC is an agile model.
e The dataset is molded in the form of input and
synthesized into agile model phases and machine
algorithms are applied which results the
prediction of defects in software module.
Machine Learning Algorithms
A. The Bayesian Algorithm:
The BN defect and effort estimates are allowed to hold the
right approach. This represents the combined probability of a
set of variables. This is done by specifying
(A) Direct Acyclic Graph (DAG) where there are variables in
Arrowheads and Arcs correspond to Conditional
Independence (sample data area of the study area) and
(B) A group like a local conditional potential table [12, 17].
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Considering the observed value of other variables, the BN
can be used to summarize the probability distribution for a
target variable. Traditionally, BN is applied to any group of
variables to calculate probability distribution, in which the
value or distributor is given for any group of remaining
variables.

The Bayesian Algorithm Steps:

1. Identify the variables of BN that can be in the form of:

i) Theoretical variables to calculate the probability
distributions

ii) Data variables

iii) Mediation variables

2. Describe the appropriate random relationships between the
variables, in which the relationships should capture and
reflect the causality present in the SDLC processes. They
were shown as arcs in the corresponding DAG.

3. Calculate the probability distribution for each variable.
The complete joint probability distribution for all defective
variables is represented in the DAG structure and in a group
of conditional probability tables.

B. Subspace Algorithm

The subspace algorithm is implemented to overcome the
disadvantages of Bayesian algorithm; it uses K-local hyper
plane distance nearest neighbor (HKNN) algorithm to obtain
results of defect and cost predictions. It was theoretically
shown that for large number of samples in the training set, the
algorithm exhibits good performance. In particular, the error
committed by the subspace algorithm is at most twice the
Bayesian error.

Subspace Algorithm Steps:

*  The Dataset was sent as input and a network (Direct
Acyclic Graph) is formed to take the data from the
dataset and to identify the defects in the dataset.

»  The Defects were identified in such a way that if the
‘update’ attribute was present in analysis or design
phases in phase-1 then they were identified as the
minor defects and if arises in phase-3 that is during
analysis or design or coding or testing, it is
identified as major defects.

* The increase in defects will be directly proportional
to the increase in cost.

e Initially the minor defects were calculated and
applied directly to the cost factor and later the major
defects were calculated.

»  Depending upon the defects the cost was updated,
and if the provided budget is lesser than the
calculated cost then it is better to stop developing its

next version and reduce defects in the current
version.

V. RESULTS AND ANALYSIS

The project data set comprising of no of people involved, no
of analysers, designers, developers and testers is taken for the
existing system for which the machine learning algorithms
are applied.
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Table 2 Report Generation Table 4. Prediction of Defect and Cost applying Bayesian
Algorithm
New Update | New Update

Software Phase Data SDLC Stage (Minor) | (Minor) | (Major) | (Major) Cost
Analysis 6076 1522 3660 2460 10
Arayzer ifiated @ 201811208 1508:5 Design a5 | 13| S0a4 ] 24361 10
Coding 27116 2315 13620 6474 10
Testing 23230 2723 13800 6306 10
Software Buld Cycle Between2013-10-1910 Maintenance 1 105 1 138 0

2144049

‘WOFKLOBO Scheduling Across SOLC Teams ‘

Analyzers Size 2

Desiers Sz 1 40000 F
o
Developers's Size 166 2 D‘DDD - - -

Testers Size 78

Deployer's Size 9 QQ‘ é}* "b\ ‘:}‘ &
SE

Total's Size k1Y, q\
R R
Work Days Alted % '{\Q‘ N %Q' N
Work Days Stheculed 356
Information regarding day to day assessment of the B Analysis B Design
developing project is also provided and the defect and cost
predictions are calculated by implementing machine learning Coding Testing

algorithms

B Maintainence
Table 3 Prediction of Defect and Cost applying Bayesian
Algorithm
SDLC Stage | Minor | Major | Cost

Defects | Defects A. Sample Dataset:
Analysis 1716 2814 52 2013-10-19,New Scenariospecs(0),ModuleID:1,Guy. Long,Analysis,Phasel

2013-10-19,New ScenarioSpecs(0),ModuleID:2,Dwight.Sutton,Analysis,Phasel
2013-10-19,New Scenariospecs(0),ModuleID:3,Alex. warren,Analysis,Phasel

1 2013-10-19,New ScenarioSpecs(0),ModuleID:4,Nichole. parks Ana]ysws Phasel
DeSIQn 3685 2706 36 2013-10-19,New Costspecs(0), ModueID: 3, Edgar Jimenez Ana'\ys‘ls phasel
2013-10-19,New SEEnaF‘IDSpE[S(D) ModuleTn: 6,Alex.warren An.ﬂyfﬂs Phasel

H 2013-10-19,New Costspecs(0), ModuTeID: 7, Alex. warren, Ana'lysws phasel
COdIng 12939 7080 195 2013-10-19,New CostsSpecs(0) ,ModuleID:8,Edgar. Jimenez Aniﬂyfﬂs Phasel
2013—10—19,New Requwrementsspecs(u) Modu'IeID:Q Joshua. B¥rd Ana'lysws Phasel

Fig 3 Subspace Algorithm applied on 1 year Dataset

H 2013-10-19,New Requirementsspecs(0),ModuleID: 16 ,Clay.salazar An.ﬂyfﬂs Phasel
TeStlng 4550 6942 114 2013-10-19,New Scenariospecs(0), ModuleId: 11, Chelsea. Gross Ana'lysws phasel
2013-10-19,New CDStSpE[SEDg Mogu]‘em 12, c;ay salazar,Analysis, Phgsel
R 2013-10-19,New Costspecs(0) ,ModuleID:13,Edgar. Jimenez,Ana ysis,Phasel
Malntenance 84 132 0 2013—10—19,New costspecs (0) ,Modu? EID:14,NE$T .Cope?and,An;ﬂyms,Phasel

2013-10-19,New RequirementsSpecs(0),ModuleID:15,Dwight. sutton,Analysis,Phasel
2013-10-19,New RequirementsSpecs(0),ModuleID:16,aAlejandro. Cook,Analysis,Phasel
2013-10-19,New Costspecs(0), ModuTeID: 17 ,Alex.wWarren, Analysis, phasel
2013-10-19,New CostSpecs(0) ,ModuleID:18,Neil. Cope?and AnaTys1s Phasel
2013-10-19,New Requwrementsspecs(u) ModuTeID: 19, Chelsea. Gross Ana'\ys‘ls Phasel
2013-10-19,New CostSpecs(0), ModuTeID: 20,Edgar. Jimenez AnaTys1s Phasel
2013—10—19,New Requwrementsspecs(u) ModuTeTn: 21 AWE]andro.cook Analysis,Phasel
2013-10-19,New RequirementsSpecs(0),ModuleID:22,Alex.warren AnaTys1s Phasel
2013-10-19,New Scenariospecs(0), voduleId: 23, Alex.warren Ana'lys‘ls Phasel
2013-10-19,New Scenariospecs(0),ModuleID:24,Guy.Long, Anaﬂys‘ls phasel
2013-10-19,New Requwrementsspecs(u) ModuleId: 25,Eula.Mcdonald,Analysis,Phasel
2013-10-19,New Costspecs(0), ModuTeID 26,Dwight. Sutton Anaﬂys‘ls Phasel
2013-10-19,New Costspecs(0),ModulelD:27,Alex.Warren, Ana'lysws phasel
1500‘0 2013-10-19,New Requwremem:sspecs(o) ModuTeIn: 28, waght sutton,Analysis,Phasel
2013-10-19,New Requirementsspecs(0),ModulelID:29,Guy.Long, Ana'lysws Phasel
2013-10-19,New costspecs(0), ModuTeID: 30, Theodore. Garza, Anal sis, Phasel
2013-10-19,New CostSpecs(0),ModuleID:31,Bryant. Rolﬂnson Analysis,Phasel
2013-10-19,New Requwremem:sspecs(o) ModuTeln: 32,Bryant. Robwnson Ana'lysws Phasel
2013—10—19,New Scenar'lospecs(t}),Modu'\EID:33,Theodore.Garza,Ana'Iyms,Phasel
2013-10-19,New Requirementsspecs(0),ModulelD:34,Alejandro.Barnes,analysis,Phasel
2013-10-19,New Requirementsspecs(0),ModuleID:35,Nichole. Parks Ana'\ys'ls phasel
2013-10-19,New scenariospecs(0), voduleIn: 36, Eula.mcdonald Ana'lysws phasel
2013-10-19,New ScenarioSpecs(0),ModuleID:37,Joshua.Byrd, Ana'lys'ls Phasel
2013-10-19,New Scenariospecs(0),ModulelD: 38 ATEJandro parnes Ana'\ys‘ls Phasel
2013-10-19, New Reqmrementsspscs(n) ,Modul EID:EE,C'\ay. salazar ,Ana'\ys'ls,Phasel
2013-10-19,New costspecs(0),ModulelD:40,Joshua. Byrd,Analysis,phasel
2013-10-19,New Scenarmspecs(l}) ModuleIn:al ,Edgar. Jimenez Ana'lysws phasel
2013-10-19,New scenariospecs(0),mModuleIn:42,clay. salazar Ana'lysws Phasel
2013-10-19,New Reqmrementsspecs(n) ModuleIn: 43,Chelsea. Gross, Ana'\ys'ls Phasel
2013-10-19,New scenariospecs(0), voduleIn: 44, Edgar Jimenez Ana'lysws phasel
2013-10-19,New CostSpecs(0) ,Modu'\ eID:dE,Dw‘lght. Sutton,Ana'\ys'ls,Phasel
2013-10-19,New Costspecs(0),ModulelD:46,Bryant. Robinson,analysis,Phasel
2013-10-19,New SEEnaF‘IDSpE[S(D) voduleId: 47, Jesus.Garcia,Ana’ ¥515 phasel
2013-10-19,New scenariospecs(0),ModuleID:48,Edgar. meenez analysis,phasel
2013-10-19,New Requwrememsspets(ﬂ) ModuleIn: 49, Theodore. Garza Ana'lysws Phasel
2013-10-19,New scenariospecs(0), voduleIn: 50, Alex.warren Ana'lys‘ls Phasel
2013-10-19,New S(EnarmSpE[s(l}),Mndu'\EID:51,A'\E]andro.CDok,Ana'Iysws,Phasel

10000

5000

Table 6 Sample Dataset 2

B Minor Defects m Major Defects m Cost

Fig 2 Bayesian Algorithm applied on 1 year Dataset
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2013-10-31, Update Scenariospecs(4), Modu1e1D:180,Nei1. Copeland, analysis, Phasel

2013-10-31, Update CostSpecs(4),ModuleID: 181, Alejandro. Barnes, Analysis, Phasel

2013-11-01, Update Scenariospecs(4) ModuleID:182, Joshua. Byrd,Analysis, Phasel

2013-11-01, Update ChenER's(4) ,VoduleIIJ:l?,Mom‘que.Leonard‘Desiﬁn.Phasel

2013-11-01, Update UML'5(4) ModuleIn:18,Li117an. Watson,Design, Phasel

2013-11-01, New Presentation(UI)-Logic,ModuTeID:1 From (New Scenariospecs(1)),Noel. Hudson,Coding, Phase2
2013-11-01, New AutomatedTesting(UFT) ModuleIn:1 From (New scenariospecs(L)),Hattie. Simaons, Testing,phase2
2013-11-01, New Business-Logic,ModuTeIn:2 From (New scenan‘ospecs(njg,Torry.Mccarthy.cuding,?hasez
2013-11-02,New Manua1Testing,ModuleIn:2 From (New Scenariospecs(0)),chris. Drake, Testing,Phase2
2013-11-02, Update Chener's Hodule0:19, sheldon. Grant  Design, Phase2

2013-11-02,New Business-Logic,ModuTeIn:3 From (New scenariospecs(D)),Andy. Johnston,Coding,Phase?
2013-11-02,New AutomatedTesting(UFT) Modulen:3 From (New scenzriospecs(D)),santos. James, Testing,Phase2
2013-11-02,New Business-Logic,ModuTeIn:4 From (New scenan‘ospecs(njgﬁerreﬂ.sharp.cuding,PhaseZ
2013-11-03, New Vanua]Testing.MuduWeID:d From (New Scenariospecs(0)),6uillerno. Davidson, Testing, Phase2
2013-11-03,New Business-Logic,ModuleIn:5 From (New Scenariospecs(D)),Erick. Love,Coding,phased
2013-11-03, New AutomatedTesting(UFT) ModuleID:5 From (New Scenariospecs(0)),willis. santos,Testing,Phase2
2013-11-03, Update costspecs‘Muaukll}zlsi,»ﬂe:.warran,-!na]ysis,Phasel

2013-11-03, New Business-Logic,ModuleIn:6 From (New Scenariospecs(D)),Peter.Mitchell Coding,Phase2
2013-11-03, New ManualTesting,ModuTeID:6 From (New Scenariospecs(0)),Jordan. Eeﬂ,TesU‘ng,PﬁaseZ

2013-11-04 New Presentaﬁon%UI)-Luqic,MudlﬂeID:.’ From (New Scenariospecs(0)),Manuel. wright Coding, Phase2
2013-11-04, New AutomatedTesting(UFT) ModuleID:7 From (New Scenariospecs(0)) ,Gene. weber .Testing,PEaseE
2013-11-04 New Presentaﬁon(UIg-Luqic,MudlﬂeID:E From (New Scenarospecs (D)), Eduardo. Fuller, Coding, Phase2
2013-11-04, New AutomatedTesting(UFT),ModuleID:8 From (New Scenariospecs(0)),Richard. Ferquson,Testing, Phase?
2013-11-04, Update Flows ModuleID:20,Alberta. Ferguson, Design, Phase?

2013-11-04,New Presentation(UI)-Logic,ModuleID:3 From (New Scenariospecs(4)),Sheryl. Lowe,Coding, Phase?
2013-11-04, New ManualTesting,ModuleID:9 From (New Scenariospecs(4)), Timmy. Farmer Testing,Phase?

2013-11-05, Update RequirementsSpecs ModuleID:184,Neil. Copeland Analysis  Phasel

2013-11-05, Update Business-Logic,ModuleID:10 From (New ScenarioSpecs(0)), Jacqueline.Cross,Coding,Phase?
2013-11-05, Update AutomatedTesting(UFT),ModuleTD:10 From (New ScenarioSpecs(0)),Damon. Cortez, Testing,Phase?
2013-11-05, Update Business-Logic,ModuleID:11 From (New ScenarioSpecs (ﬂ)ﬁ,ﬁmthy.uem‘na,(nding,PhaseE
2013-11-05, New ManualTesting,ModuleID:11 From (New ScenarioSpecs (D)), winston. Fox,Testing, Phase2

2013-11-05, Update UML's ModuTeID:21,Alberta. Ferguson, Design, Phase2

2013-11-06, Update Presentation(UI)-Logic,ModuleID:12 From (New ScenarioSpecs(D)) ,Jonathan. Montgonery,Coding, Phasel
2013-11-07, Update AutomatedTesting(UFT),ModuleID:12 From (New Scenariospecs(0)) .Ernest.Eonne,Testing.Phasel
2013-11-08, Update Presentaﬁon(UIg—Lugic.Mudulem:li From (New ScenarioSpecs(0)),Jonathan. Powel1,Coding, Phase2
2013-11-19, New AutomatedTesting(UFT) ModuleID:13 From (New Scenariospecs(0)),Hattie. Simnons, Testing,Phase2
2013-11-10,Update Scenariospecs,Modu1eIn: 185, Dwight. Sutton, Analysis,Phase2

2013-11-11, New presentation(u1)-Logic,ModuleIn:14 From (New Scenariospecs(l)),Donald. Reyes,Coding,Phase2
2013-11-12,Update AutomatedTesting{UrT),ModuleIn:14 From (New Scenariospecs(1)),Eugene. Casey,Testing,Phase2
2013-11-13,Update Business-Logic,ModuTeIn:15 From (New Scenariospecs [U)E,Leri.m1fe.<:om‘ng,Phase2
2013-11-14, New ManualTesting,ModuleIn:15 From (New scenan‘ospecs(uj),wi1fred.m:ens.Tesm‘nE,Phase2

2013-11-15, New Presen[mon%m)-L i, ModuTeIn:16 From (New scenariospecs(1)),Terence. wicks,Coding,Phased
2013-11-15, Update ManualTesting,ModuleIn:16 From (New sceran‘ospecs(lg),senny. Ranos, Testing, phase2

V1. COMPARISON OF BAYESIAN AND SUBSPACE
ALGORITHMS

*  The Annual dataset is sent as the input to the
Bayesian and subspace algorithms.

«  After the implementation of algorithms, the outputs
of each algorithm were compared using the cost
factor.

*  Based on the cost the decision is made whether to
develop the next version or to resolve the defects in
the present version.

* Itis observed that the subspace algorithm is giving
the best results and is shown in figure 4

Comparison of algorithms
250

200

150

100
) I I I
N

Analysis Design coding Testing

HBayesian Algorithm W Subspace Algorithm
Fig 4. Comparison of Bayesian and Subspace algorithms

V11. CONCLUSION AND FUTURE WORK

Software defect and cost prediction is a technique to develop
a software model in order to predict the defects in software
modules. This paper evaluated the using of machine learning
algorithms in software cost and defect prediction problem.
Two machine learning techniques have been used, which are
Bayesian and Subspace algorithms. The algorithm are also
compared by applying on project data set at various phases
and the comparison results shown that subspace algorithm is
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giving best results. Bayesian algorithm is more practical in
predictions but cannot handle the data if it is increasing
gradually. The application of subspace algorithm overcomes
the problem of data. By getting the cost and defect
predictions, the decision can be made whether to start the
project or not. If defects cannot be solved even at
maintenance phase, then it may be better not to start a project.
As a future work, it may be extended involving other
Machine Learning techniques and can be compared.
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