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Abstract: Early detection and analysis of software defects helps guide resource allocation for evaluation and verification in
software engineering.Software quality assurance involves applying machine learning methods to detect defects, mostly focusing
on issues within a single product instead of across multiple products.Reliability prediction models use machine learning to estimate
the fault rate in software systems. Many traditional reliability measures are used during debugging and testing to identify software
faults.Most machine learning fault prediction models combine with standard reliability growth measures to classify reliability
severity, often producing binary predictions with low standard error.This paper presents a hybrid approach using support vector
regression as a non-linear parametric growth measure, applied to training fault datasets. Results are tested on several reliability
datasets with different parameter settings for fault prediction.
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1.Introduction

Detecting and analyzing software defects at an early stage improves decision-making about how resources are
allocated for evaluation and verification in software engineering. Software quality assurance applies machine learning
techniques to identify defects, with most approaches concentrating on issues found within a single product rather than
across multiple products. Reliability describes a system’s ability to avoid failure within a defined period, incorporating
probability, expected functions, time, and operating conditions. The reliability of a system is influenced by its current
state, which may shift over time. Software systems have increased in size and complexity over recent years, and this
growth is expected to continue [ 1].

Important aspects of software quality include reliability, accessibility, usability, performance, serviceability,
capabilities, and documentation. High reliability is challenging to achieve due to rising complexity, as developers
frequently expand software features and system scale. The Software Reliability Growth Model (SRGM) represents
one way to mathematically model improvements in reliability. Measuring the reliability of evolving systems remains
a significant challenge in software management [2].

Probabilistic models rely on dynamic, time-based statistical distributions to predict current and future reliability
trends. These models estimate variables such as system error counts, failure rates, software complexity, and program
failures through statistical methods. While numerous software reliability models have been proposed, none fully
addresses every requirement, making the selection of an appropriate model for a given application an ongoing research
challenge[3].In machine learning, a data set with labeled classes and a test set requiring classification are necessary
components. The effectiveness of classification is influenced by the quality of the data and the choice of machine
learning algorithm. Classification involving categorical labels is used to predict outcomes in models that typically
process continuous values, which can result in situations where only numerical data is available and class labels are
missing.Regression analysis is frequently applied to produce numerical forecasts, though various alternative
approaches exist. The primary objective is to identify trends within the available data. Genetic algorithms are used to
optimize aspects such as the number of delayed input neurons and the configuration of the neural network’s hidden
layers.We have demonstrated, using the software model for online adaptation, that good-fitness and next-step
predictability is better than traditional methods when cumulative software failure times are forecast. Because those
variables ' meanings are certainly not known. Many potential values can equate to the likelihood of occurrence.
Therefore, we really don't know when the next loss will happen. We know only a few possible failure times and their
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likelihood. Two types of fault data, namely time-domain data and interval-domain data, were widely used in software
reliability modeling. The time-domain form is determined by the time the failure occurred. Learning supervised
is a methodology for machine learning to build a data structure for preparation. Maximum Likelihood Assessment
(MLE) is a common statistical method for the determination of the probability distribution parameters underlying a
given dataset.

Throughout literature there are many predictive models of the reliability of software based neural networks,
which are better known than certain statistical models[4-6]. Computer reliability is one of the key factors taken into
account in maintaining the accuracy of the computer. Simply put, software reliability is about system failure or
failure[7]. Success and success are two distinct variables commonly included in our software development. Fault
could be identified as a fault or error during the development phase. In recent decades, the size of the object-
oriented defects increases, the prediction of multi-level defects also increasing exponentially. The main objective of
the software defect prediction models is to improve the true positive rate of the defects with minimum time and cost.
Traditional software prediction classifiers are developed to assess the metrics in the application level. Bayesian
network (BN), Naive Bayes, SVM, linear regression approaches as well as bagging approaches are used to assess the
software defects with limited feature space. Most of the traditional software defect prediction models are focused on
limited defect features in a single application. A software test is a study to inform stakeholders about the quality of the
tested product or service. A series of software error detection activities. Testing is a process that is used to detect
computer software correctness, integrity and quality. A Software Defect / Bug is a condition of a software product
which does not meet the expectations or requirements of the user (not specified but reasonable). In other words, a
malfunctioning program or incorrect coding or logic error produces wrong, unintentional findings. The current
forecasting work concentrates on estimating the number of faults in software systems; (ii) the discovery of fault
associations and (iii) classification of fault-pronounced software components, which are typically faulted rather than
fault-pronounced, in two classes. The second type of work is carried out by the community association of data mining
to disclose software defects that can be used for three purposes. This technique first finds a candidate concurrency
bugs through code patterns. And then, it inserts noise injections at the candidate bug site in order to detect
concurrency bugs with high probability in testing. Upon ConTest, this technique contributes to active testing of
concurrent Java program. They adopted bug patterns for assisting code review process[8]. The authors extend the
regular expression in Perl language for bug specifications and bug detections. As a preprocessing to code review by
experts, this technique automatically attach the comments on a code which is corresponding to a given bug
specification[9]. As the software industry evolves, the monitoring and enhancement of software quality is
increasingly engaged in software businesses. In 1992 IBM conceived the Orthogonal Default Classification (ODC)
in quantitative and qualitative assessment to satisfy these criteria. ODC utilizes a range of orthogonal
characteristics, including the operation, cause, effect, destination, type of defect, defect status, origin and age, in order
to categorize the defect[ 10]. By using those characteristics and their values, a defect may be categorized as a point in
the Cartesian coordinates area. Once we obtain the ODC information from a project, software designers and
testers will provide us with feedback when using some analysis characteristics. We can also obtain test effectiveness
by examining defect kinds or skills by evaluating the distribution of the triggers and operations, identify weaknesses
in design and code, and assess client use with impact analyses, triggers, defect types and quality assurance. Now it is
commonly used in IBM, Motorola, Nortel, Lucent, etc. ODCs are commonly used. The ODC investigations
today focus on the implementation in real job of defect management. People are interested in using ODC
documents, and the author has suggested a method called the' Harmony Matrix' for better information
collection. The author developed a matrix for harmonies, showed associations between combinations of kinds
of triggers, recognized three categories of low, medium and high and utilized relations between faulty kinds and
triggers in consultation with domain expert views. The matrix indicates that defect triggers are the most probable kinds
of defects. For example, if a defect trigger is backward compatibility, the type of defect is high in the matrix, whereas
if the type of defect is present, the type of defect is probably the same as the type of defect. It takes only two
characteristics into consideration, the trigger and the error type, as other characteristics also influence each other and
the technology does not use the historical information efficiently to help it. Software defect prediction is a
significant guidance for studies into software reliability[ 11]. The technology for defect prediction can be used
to discover high-risk software module. Software designers can focus on risky modules with more defects to save costly
testing and time[ 13], and then use a restricted test funds for risky modules. The significant thing is to discover high-
risk modules in the software goods for anticipating software errors. In the classification method the
characteristics in the samples play various roles for issues of classification. At the same moment, the interaction
between the different characteristics impacts classification performance[ 16]. Very little study focuses on relationships
between attributes. In most times the characteristics of traditional algorithms are always presumed to be distinct during
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the classification phase. In practical issues however, the interplay of characteristics occurs. Therefore, when
predicting software defects, the interaction between the characteristics must be taken into account. Fuzzy integral is a
non-linear component, based on fuzzy measures. The non- additiveness of fluid measurements makes the
interaction between classification features complementary to the fluid. The fluorescent measures corresponding to
these are essential to achieving high-grade efficiency in the essential classification of the fluorescent. In general, the
measurement of fluctuations is very complex[ 14]. The reciprocal data between characteristics is a significant tool for
efficient assessment of the related degree between attributes in order to evaluate the correlations between the
characteristics of data theory.

Static and dynamic defect prediction

Open-default information metrics are evaluated and a sub-set of smaller-scale software metrics are
developed from current NASE project information from PROMISE. Research has shown that, compared to two other
kinds of subset function algorithms, the suggested Algorithm enhances the efficiency of the three famously classified
kinds. Most techniques of this approach extend the type systems of existing programming languages[ 15]. The
extended type systems check a program correctly follows a given programming rules to ensure that the desired
properties holds for the program. The type systems are normally implemented as a part of compilers. [ 16]
Introduce an extended Java type system to avoid concurrency errors including deadlock and data race. This type
system requires every shared member has a specification of its synchronization object. However, there are two
shortcomings of this approach to be applied to general programs. First, these systems restrict programmers to write
codes in simple manner strictly. Second, these methods require programmers to specify the additional information
related to synchronization used in a code[ 17]. These two shortcomings are unfeasible for targeting system
programs. In system programs, fine tuning of synchronization operations are common in order to improve
performance. Moreover, the size of program is normally too large for programmers to give the additional
information manually.

Mathematical Proof on the Scalability Limitation of Type System-Based Concurrency Defect Prediction
in Large System Software

Let us define:
ai: Static software metric for module i
fj: Dynamic software metric for execution path j
I': Set of all modules, [I'|=N
A: Set of all execution paths, |A|l= M
0®: Set of all shared program variables, |®|= S
Q: Set of all synchronization objects, |Q]= O
0:0—Q: Mapping assigning each shared variable to a synchronization object
I1: Set of programmer-specified type annotations

: Type system enforcing concurrency correctness properties

[1]

C: Class of all possible concurrency errors (deadlock, data race, etc.)

(i.e., is free of concurrency

[1]

. & (8, P) : Function indicating if program P satisfies the type system
errors)

x: Program size parameter (e.g., lines of code, number of shared variables, or modules)
Assumptions
1. Metrics as Predictors:
Let the defect prediction function be:
w(a, p)=Pr(Defect in Pla, B)

where o and £ are the vectors of static and dynamic metrics for P.
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2. Type System Enforcement:
For correctness, the type system = must ensure:
Vve®, 3 a(v)EQ:E(IT, o(v))=>—(C)
That is, every shared variable must be protected by a synchronization object as per the type annotation.
Theorem

For large system programs ( x—oo ), the effort to provide type annotations and synchronization
specifications (|II]) grows at least linearly with the number of shared variables (), and for practical systems,
this effort becomes infeasible:

lim [T1(S)|=c0

S—o0
Proof
Let the number of shared variables in P be S, where S scales with «.
Step 1: Annotation Complexity Lower Bound
By construction, every v€® must be annotated:
=S
Step 2: Synchronization Mapping
The mapping 0:0—Q must be well-defined for correctness:

VvED, 3 a(v)EQ

For each shared variable, the programmer must specify a unique or reused synchronization object, implying at
least S assignments.

Step 3: Type System Application

The type system Z applies rules to ensure absence of concurrency errors for each variable:
E (1, o(v))=>&E, P)=1

But this rule must be checked for every variable and every interaction.

Step 4: Manual Annotation Effort

The annotation workload is:

Y(P=)
vED

where 7(v) is the effort per variable. If 7(v)= ¢ (constant), then
Y (P)=cS
Step 5: Program Size Scaling
In system-level programs, Sis a nontrivial function of program size x:
S=g(x)
Empirical studies suggest g(x) is often linear or superlinear for low-level software.
Step 6: Scalability Limit
As x—o0, S—oo, hence:
lim Y(P)=lim cS=0

K—>00 S—o0
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Thus, the annotation requirement diverges.
Step 7: Impact of Fine-Tuning

Suppose optimal performance requires special-case synchronization per resource (fine-tuning). This implies
many unique o(v) , which prohibits automated grouping and forces manual annotation:

If Vv, o(v) is unique, |II|= S
This increases the annotation effort further.
Step 8: Human Feasibility Constraint
Let 7(v)>t0 (some minimum time per annotation). Then total time is:
=10 S

If human time budget Tmax is fixed, then:

For large S, 7>Tmax, annotation becomes infeasible.
Step 9: Automated Tools Limitation

Suppose tools attempt to infer o(v) automatically. For system-level code, necessary information is often
unavailable due to indirect aliasing, runtime dependency, and hardware interaction, so automation is not fully reliable:

Pr(Auto-correct 6(v))<l = Manual review required
Step 10: Proof Conclusion
Therefore, for large «, either:
Annotation effort diverges (Y(P)— ), or
Annotation correctness is compromised (Pr(&(E, P)= 1)<1)

Thus, extended type system approaches, though effective for small or managed codebases, do not scale to
large system programs due to the unbounded manual annotation and synchronization specification effort required.

lim Y(P)=00

K— 00
which concludes the proof.

In current research, there are two primary techniques for measuring software, extracting and selecting the
characteristics. Feature extraction is a method which produces fresh characteristics by transforming or combining the
initial set of attributes. And choice of features is a method which chooses a subset of the most significant software
quality characteristics from the initial set of characteristics using repeated selection and search tests. Some
researchers think that an optimum place can be used by a single method of choosing characteristics. Therefore,
techniques such as an ensemble technology can be promoted, which incorporates distinct selection techniques,
not a single method, and an iteration technique that repeatedly re-examples the features. Software metrics are
also used using other techniques such as correlation assessment, logistic regression, and mutual information analysis[
18]. There are research. Dynamic analysis techniques aim to verify a certain property of a program by evaluating its
actual executions. By observing internal states during target program executions, the dynamic analysis techniques can
use accurate information of program behaviors. In dynamic analysis, it is possible to achieve value-sensitive and
alias-sensitive analysis with much less computation cost than in static analysis. Dynamic analysis extends
traditional testing to check meaningful properties using intermediate state information in program executions.
Dynamic analytical methods share inherently the test constraints. Full evaluation for target programs can not
be supported by dynamic analysis because the controlled partial conduct of the goal programs is used. The other
restriction is that it is hard to apply dynamic analysis methods unless target programs are full. Executable settings and
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sample instances are required for the dynamic analysis technique. These can only be provided at the subsequent
stage of software development, in particular for embedded software.

2. Related works

Kapur al. have developed various SRGMs concerning the growth rate software reliability index for error
detection[ 19]. Ohishi et.al, proposed a measuring method as an indicator

collection, gathering data for the testing of all those metrics[20]. Tarinejad al. suggested the non-homogeneous
Poisson method-based software reliability growth pattern because the detection of these errors might also lead to
detection of other errors without failure[21]. Nagaraju proposed an evolutionary model of the neural network to
estimate and predict the software reliability based on a multimedia architecture input and output. In this study, the
development of neural network models for software-reliability predictions was proposed using an Exponential and
Logarithmic Encoding Scheme. Neural network models with the two encoding schemes above have shown a better
prediction of cumulative failures than some statistical models. Su [23] proposed a neural network approach focused
on predictions of software reliability. They compared the approach to parametric model recalibration with
some meaningful predictive measures with the same data sets. Roy et al.[24] proposed a system in which software
reliability based on the neural network would be expected. They used the reverse propagation algorithm for
instructions. Ravishanker [25] submitted a neural network approach focused on the evolutionary prediction of device
reliability. They used single output architecture with multiple delayed inputs. Pham [26] suggested two models for
cumulative system failure estimation, such as exponential neural network encoding (NNEE) and logarithmic encoding
(NNLE). He encoded the data with the above two encoding scheme, i.e. the time of execution.

Li et al.[27] have proposed to reusit data from previous projects / releases for failure to boost early reliability
for current projects / releases. Yazdanbakhsh et al.[28] proposed the combinational dynamic weighted
model (DWCM) based on a neural network for the prediction of device reliability. The method was used on two sets
of data and the effect was compared with certain statistical models. The neural network is a methodology for
performance computation. The machine performance can previously be predicted on the basis of our neural
network architecture. The system is also trained unless its desired output or destination can be achieved. For training
purposes, we use different learning techniques that are freely described as supervised and unattended
learning.[29] Software reliability is a quantitative study of every software designed since it affects directly
software quality[30]. The classification system is trained with functions[31-32] from the history of software
revision that classifies software changes as buggy or clean when applied. There was a 78 percent accuracy in the
results. The changes were higher due to a small granular prediction and the seminal information on the source code
was not required for classification. A wide range of programming languages are

used for the changes of classification. The best way to model the software components at various failure levels
is to have the strong back propagation algorithm based on the neural network. Yuan et al. introduced a software
reliability evaluation methodology for Fuzzy-Neural. This paper identified an adaptive network-based fluid inference
system (ANFIS) reliability prevision model to enhance the evaluation accuracy. The model uses the software's reliable
information as input data (default lines every thousand lines), using reliability prediction as output data, the neural
network trainings Adaptive—Fuzzy, membership of defect counters every thousand lines. This includes both evaluation
and forecasting. During the evaluation phase, the selected scheme evaluates various systems of learning. In the
prediction phase, a predictor with all historical data is then used with the best learning scheme. Finally, the predictor
is employed for the prediction of the new data defect. Bayesian networks used Ahmet Okutan to determine the
likelihood of influence between software metrics and defect proneness[33]. Chehade et.al compared the k-NN
Network which has been implemented as either fault or non-default susceptible in classifying software components.
Multiple Linear Regression (MLR), logistic regression for data modeling used the earliest attempts to model
maintainability and defects with static source code metrics as predictors. The problem with MLR is that it is not
easy to interpret relationships between predictor software metrics and response variables [34]. The choice of
modeling technique greatly influences the accuracy of maintenance and prediction of defects models, but different
prediction model comparison studies have reached different, inconsistent and divergent conclusions about the
superiority of one modeling technique over the other models. Dyck et.al, [35] conducted a systematic review of the
prediction of defects and found that two-thirds of the prediction of defects studies were based on private datasets and
their results could not be verified. With a small number of private data sets, different experiment design, different
measurements of accuracy and lack of application of statistical significance tests, it is not possible to understand the
strengths and weaknesses of different machine learning techniques. Saito [36] et al. argued that research on models of
prediction should use public data sets and focus on finding relevant data on training. The work embodied in this thesis
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concerns the comparison with public data sets of a wide range of machine learning techniques for early maintenance
and prediction defects. Public data sets allow other researchers to examine the validity of proposed models
by replicating experiments and constructing reproducible or refutable models. The work in this thesis also evaluates
machine learning techniques as predictor variables for defects with different

metric categories such as source code metrics, micro-interaction metrics and software entropy metrics.

Multi-Objective Naive Bayes Learning with Harmony Search for Cross-Project Defect Prediction
Let:

®: Set of all software modules under analysis

p: Partition of data, p={pl, p2, ..., pp}

wi: Feature vector for module i

. x: Set of observed item sets

w: Focused item set containing frequent abnormalities
2B: Bayes classifier model

¢ Harmony search algorithm

=: Objective vector, E = (&1, £2, £3) (three objectives)
1 Process modeling class imbalance

7: Probability of defectiveness (fault proneness)
Q: Set of missing items in a partition
IT: Set of optimal solutions

PD: Probability of Detection (true positive rate)

PF: Probability of False alarm (false positive rate)

Formal Statement and Objectives

Given cross-project source data @ , we seek to maximize defect prediction performance using a multi-objective
naive Bayes model, while optimizing for class imbalance, detection, and false alarm rates[37]:

Maximize 2= (&1, &2, £3)
where:
¢l =f1 (u): Class balance objective
&2 =f2 (PD): Maximize true defect detection
&3=f3(PF): Minimize false alarms

Subject to the constraints introduced by the structure of software module data ( @ ) and the imbalanced nature
of real-world datasets.

Proof Structure
Step 1: Representation of the Cross-Project Dataset

Each software module 7 in @ has associated features zi. Data is partitioned:

p
=1

Step 2: Multi-Objective Optimization Problem

Define multi-objective optimization:
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Find 2+, [1* such that %x, [1* =argiemax=( 2,11, u,PD,PF) 3,11
Step 3: Harmony Search Algorithm Application
Let #be the harmony search metaheuristic, which iteratively explores candidate solutions IT &:
[1x = (E,0)
At each iteration £, solutions are generated:
I k={xi | mi€pj, Vj}
Evaluated by objectives E(I1 k).
Step 4: Frequent Item Set Extraction
For each partition pj:
xj={item sets in pj}
Define focused item set yjCyj as those exceeding frequency threshold 6f:
yj={x€y | freq(x)=0f}
Step 5: Abnormality and Pre-processing
Let the set of abnormalities in yj be denoted by ¢j:
g={x€yj | abnormal(x)= 1}
If an item in the real item set is missing from a partition (especially in partition Pf), define missing set:
Qj={x | x&pj, xEyj}

Pre-processing updates data:

pj= pjuLYy

Step 6: Construction of NB/NBNN Classifier

Given pre-processed partitions, the Bayes classifier is constructed:
HB=NB(p))

Or for non-parametric:

’

% NN=NBNN(p/)
Step 7: Optimal Solution Selection

Each constructed % is associated with detection and false alarm rates:
po=—"0 _ ppo O
! TP;-+F'1’\{,-’ ! FP+ TN;
For each %), compute objective vector Zj= (&1, &2, £37).
Step 8: Evaluation of Fault Proneness
For each module, compute defect probability:
©(mi)=Pr(defect|ni, Bj)
Mark as fault-prone if 7(7i)>6r .

Step 9: Performance Binning and Limitation
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Let binning for evaluation (e.g., ten bins):
G={gl,...,g10} where each gk={ ni | ©(zi)€ [(k—1)/10, k/10)}

Performance metric:

1 10
Y:Ez PDk_ PFk
k=1

Where performance can vary (Y increases or decreases) due to the presence or absence of missing items
(&)
Step 10: Proof Conclusion (Scalability and Data Imbalance Effects)

As data imbalance (u ) increases or missing data (€2j) are included/excluded, performance (Y ) may fluctuate,
showing sensitivity of the model to pre-processing and item set composition:

lim Y(%j)=Unstable

'u—)OO

. . m .
|Qm|—0Y (B))# Qj|- [wj [Y (%))

Hence, the approach’s effectiveness is fundamentally limited by both the optimization of objectives ( =
) and the completeness of item sets (y, y,Q2 )—as shown by the variations in evaluation.

Defect prediction using statistical models

Maintenance Index (MI) is a traditional model used to predict software application maintenance. It is
defined by ad4-meter polynomial equation [38] consisting of metrics of Halstead, cyclomatic complexity of
McCabe, lines of code (LOC) and number of comments. Researchers criticized MI model as they found problems
applying this model to large and diverse collections of mission-critical projects . Recently, Wu et al.[39] found that
MI's predicted for five

software system releases were the same where the actual maintenance effort observed to maintain these
systems varied considerably. Peng et al.[40] proposed a linear software maintenance prediction model based on
a minimum set of software design level metrics. Ye et.al,[41] studied for a maintenance period of three years two
commercial object-oriented systems and developed a predictability model using Multiple Linear Regression (MLR).
They studied C++ systems software maintenance using MLR as predictors with object-oriented metrics. Byun
et,al, [42] studied the relationship with the MLR modeling technique between design metrics and sustainability.
Machine learning techniques were not considered in these studies. When there is no acceptable theory that can relate
maintenance to its software predictor metrics, parametric techniques such as MLR are not useful[43]. Machine
learning techniques can therefore be used to predict the maintenance of software because they are non-parametric in
nature. Turhan et.al, [44] used Bayes Network, Regression Trees and MLR to predict the maintenance of
software. They concluded that only one system studied was superior to MLR by the Bayes Network. Hui et.al,[45]
applied MLR, Neural Networks, Regression Trees, Support Vector Machine (SVM) and Multivariate Regression
Splines (MARS) and concluded that one SVM system yielded better results while MARS yielded better results on
another system. These studies[46-48] did not compare their results with other techniques of machine learning or MLR
or used different measurements of accuracy, so the results were not comparable. Pham et al.[49] used fuzzy logic
techniques for software maintenance measurement. It was concluded that there were no obvious choices to build
predictive models for maintainability. A number of techniques for machine learning were investigated in prediction of
defects[50]. The nature of data sets for defect prediction is skewed. Non-defective modules are negative examples (or
negative class, majority class) in terms of machine learning literature, and defective modules in training data are
positive examples (or positive class, minority class). This is referred to as the problem of class imbalance. Class
imbalance greatly degrades the performance of machine learning techniques. Data sampling is one solution to this
problem. Another solution is to reduce the bias generated by negative examples by using a variety of learners
and to achieve better predictive performance[51]. Li et.al, [52] investigated the methods of ensembles bagging and
boosting over NASA MDP datasets and found that ensembles bagging and boosting were more accurate than single
base classifiers (learners). In Bagging and Boosting Ensembles, they employed seven base learners. However, through
statistical significance tests, they did not evaluate their models.
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Zhao, et.al, proposed an advanced kernel-based technique in order to achieve better software defect detection
[53]. The kernel completely depends upon the category of every individual software defect. Vallee, et.al,
proposed a general software defect-proneness prediction framework [54]. It involves an unbiased and comprehensive
comparison technique. A minor modification during the evaluation phase may influence the resulted outcomes
significantly. This suggested technique is very much efficient for real world implementation irrespective of the nature
of data. There are certain cases, where data is skewed. Model cannot predict sufficient number of defective instances
for the process of learning. Suppose a method is performing very well in case of balanced dataset, it will result poorest
performance in case of imbalanced dataset.

3.Proposed Model

In this section, a statistical quartile deviation-based improved SVR prediction model is proposed on the
software reliability datasets. In this work, a hybrid exponential distribution based SVR model is implemented in
order to predict the software reliability on the training and test software fault data. This model is integrated with the
quartile deviation growth function in order to fit the S shaped curve. The main aim of this approach is to improve the
prediction accuracy and to minimize the error rate for software quality and reliability estimation. The S- shaped models
show the asymptotic behavior similar to the concave and exponential models. Therefore, the S-shape curve acts in the
same way as the concave curve at later testing stages. In the proposed model, reliability estimation is performed
in two phases. In the initial phase, quartile deviation based error estimation is calculated on the training
data  for software reliability prediction. In the second phase, a hybrid support vector regression model is designed
and implemented on the computed S-shaped training data as shown in figure 1.

Reliability datasets

v. f(x;).C

Optimal kernel

Optimization parameters Hybrid SVR function

Predict effort

Non-linear
parametric
estimation

Reliability test measures Statistical analysis

Figure 1: Proposed Framework

In the proposed model, a enhanced support vector regression is designed and implemented on the software fault
dataset to improve the prediction rate and to minimize the error rate. The following proposed SVR model is
implemented on the fault data. Initially, input data is given to hybrid SVR model to predict the effort rate.
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A

Let m(x) be the input data, m be the estimation function.

A

m values are estimated by using multiple linear regression
method. Then the objective function of the proposed SVR model

is given as

1
Cx)=lw I +Ew(x).0(x)
where

Y(x) = m(x) —m(x) |5 m(x) -MLR(x) |
MLR (x) = Multiple linear regression

d(x, X') = e‘”X—X;HZ/z.GZ
i 1
min, . C(x) = 5 W +Aw(x).0(x) +b

. 1 .
min, . COO=ZlIw 7 +0 8, ~ & |40 +b

The prediction values of the SVR are tested using the non-linear parametric deviation model and maximized
composite reliability measures. These measures are used to find the deviation, skewness and shape of the dataset.

New defect class prediction

In this phase, each new test sample is tested against the defect or non-defect type using the following
classification based procedure. Initially, the mean and covariance matrix are computed on the training dataset and then
proposed classifier is applied on it as P;. Similarly, test data are added to the training data and then mean , covariance

are computed to find the predicted classes as P*l. . Finally, the new class is predicted using the argmin.
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Input : Training data PD”"
Procedure:

1. To each instance in PD."
2. Do
u! = PMean(PD!")
3. Y7 =CovMat(PD!")
P, = classify(Ens,(u’,2!))
4. Done

e

To each test sample t in PD"

u’ = PMean(PD!" U {t})
6. > = CovMat(PD!" L {t})

P, = classify(Ens, (,ul."* ,2)
7. find Ap,using the (P,P",) as Euclidean norm

class(t) = argmin(Ap,)

Proposed Reliability test measure

The mathematical function used to find the mean time fault detection process is given as:

F(1) =log| “'(#xm)) JE— )

where o, k>0

f (x) = log(x)
B0 =
1+ exp(x)
f3(x) == o.x
f4(x) =log|x]|

Now, these functions derive mean value function as shown below:
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f, (£ (£, (F,(x))) = £, (5 (f, (. log(k))))

_ k
- LG exp(a.log(k)) 2

k

— L (f3(1 +k.exp(a) )

_ k
-k (a'(l +k.exp(a) )

— k — [
=loga.(— koxp (a)) = F(x)——~=(2)

Here, proposed maximization function in eq (2) satisfies the composite function of four
functions.

4.Experimental results

Experimental results are carried out on the software failure datasets taken form the DS1 reported by
K.Okumoto. During 56 weeks of testing, a total of 124 faults are identified to test the stability. The second , third and
fourth datasets DS2,DS3,DS4 are taken from Rome air development center(RADC) projects.

Akaike information criterion (AIC)

AIC = — 2(maximum log-likelihood) + 2(degrees of freedom),

where the degrees-of-freedom is generally identical to the number of free model parameters.
BIC =-2 In(L) + k In(n)

where L is the likelihood of the model given the data, k the number of estimated parameters
in the model, and n the number of entries in the database.

The “Kolmogorov-Smirnov” test (K-S test) is another nonparametric test to determine the
equality between one-dimensional probability distributions.

Table 1: DS1 for fault prediction based on severity level

W CF Label
1 16 L

2 24 L

3 27 L

4 55 M

5 41 L

6 49 L

7 54 M

8 58 M
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9 69 M
10 75 H
11 81 H
12 86 H
13 90 H
14 93 H
15 96 H
16 98 H
17 99 H
18 100 H
19 100 H
20 100 H

Table 2: DS2 for fault prediction based on severity level

W CF Label
1 28 L
2 29 L
3 29 L
4 29 L
5 29 L
6 37 M
7 63 M
8 92 H
9 116 H
10 125 H
11 139 H
12 152 H
13 164 H
14 164 H
15 165 H
16 168 H
17 170 H
18 176 H
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Table 3: DS3 for fault prediction based on severity level

w F label
40 71 M
41 72 M
42 74 M
43 74 M
44 80 M
45 84 M
46 84 M
47 84 M
48 84 M
49 85 H
50 86 H
51 89 H
52 90 H
53 90 H
54 92 H
55 108 H
56 120 H
57 128 H
58 129 H
59 139 H
60 146 H
Table 4: DS4 for fault prediction based on severity level

Y F Label
33 79 L
34 80 L
35 82 L
36 83 L
37 83 L
38 84 L
39 84 L

1253
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Figure 2: Mean time to failure rate and runtime of the proposed model to the exponential model.

Figure 2, describes the mean time to failure rate of the proposed model to the traditional exponential model on
testing data. From the figure, it is clear that the present model has low error rate and better mean time to failure rate
than the traditional model.
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Figure 3: Comparison of proposed fault prediction model to existing weighted SGRM model on all
datasets.

Figure 3, describes the performance of proposed approach to the conventional models for fault prediction.
From the figure3, it is noted that the proposed non-linear kernel function based SVR model has better accuracy on
four training datasets DS1,DS2,DS3 and DS4.

100

90
80
70
60
S0 W SVR+SRGM
40 B WSVR+SRGM
30 ¥ Proposed
20
10

0

# #2 #3 #4 #5

Test data cross validation

Precision measure

Figure 4: Comparison of proposed fault prediction precision to existing improved weighted SGRM
model on all datasets.

Figure 4, describes the performance of proposed approach to the conventional models for fault prediction.
From the figure3, it is noted that the proposed non-linear kernel function based SVR model has better precision on
four training datasets DS1,DS2,DS3 and DS4.
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Figure 5:Average LLF of different traditional functions and its scores.

Figure 5, describes the conventional average log likelihood function estimation on all training datasets.
Proposed non-linear exponential mode has -4594 rate than the conventional models for LLF estimation.

Table 5: Degrees of freedom for parametric estimation

Model DF
Gamma 3
Exponential 2
Pareto 3
Log Normal 3
Log Logistic 3
Log Extreme 3
Proposed 3

Table 5, describes the degrees of freedom for parametric estimation process on the given training datasets. Here,
each distribution and its degrees of freedom are tabulated for the software reliability
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Figure 6: Comparative analysis of proposed AIC measure to the conventional AIC models

on the training datasets.

Figure 6, describes the comparative analysis of proposed model to the conventional models on different
software reliability models using AIC measure. From the figure, it is observed that the proposed model has less AIC
measure than the conventional models on the different reliability datasets.
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Figure 6: Comparative analysis of proposed BIC measure to the conventional AIC models

on the training datasets.

Figure 6, describes the comparative analysis of proposed model to the conventional models on different
software reliability models using BIC measure. From the figure, it is observed that the proposed model has less BIC
measure than the conventional models on the different reliability datasets.

Table 6: Comparative analysis ofKS testing measure on the different software reliability growth functions.

Model KS(90%)
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Gamma FALSE
Exponential TRUE

Pareto FALSE
Log Normal FALSE
Log Logistic FALSE
Log Extreme FALSE
Proposed TRUE

5.Conclusion

Software reliability fault prediction plays a vital role in small- and large-scale software applications.

In this paper, a hybrid support vector regression-based non-linear parametric model is implemented on the
different software reliability datasets. Most of the traditional machine learning based fault prediction models are
integrated with standard software reliability growth measures for reliability severity classification. However, these
models are used to predict the reliability level of binary class with less standard error.

Experimental results proved that the proposed reliability fault prediction model has better performance in terms
of prediction and time are concerned.
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