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Abstract:

Background: In software development life cycle, software testing is the main stage which can minimize the
defects of software. A domain which has receiving much attention of software researchers since past couple of
years is software defects prediction (SDP). Its aim to minimize the cost, time and improve the efficiency of
software. The main aim of this research is to show a comparative analysis of software defect prediction based
on support vector machine SVM and extreme learning machine ELM. In this domain defect prediction models
were created using three different prediction techniques based on test data and training data. i.e. cross-
validation prediction, cross-version prediction and cross-project prediction. In this study we used cross version
prediction approach, data from old version of a software is used as training data to develop the prediction
model and the model is evaluated from same project of current version.

Materials and Methods: In our studies, we consider three different versions of eclipse version control system
then we had split the data into training and tested sets. We choose different object oriented metrics and
algorithm to build our model, aiming to predict software defects in different versions. For training purpose of
our model we used SVM and ELM. To validate our prediction models, we can calculate the performance of
prediction model using some popular used measurement scales such as accuracy, precision, recall, AUC (Area
under ROC curve).

Results: By comparing the file based results of SVM and ELM we can find the average accuracy values and
AUC. This means the extreme learning machine has the highest AUC value, but the value of accuracy is also
close to SVM. And SVM have similar accuracy, and very close AUC value. Then we can see how these models
perform in package based prediction. By comparing the data in package based prediction of SVM and ELM, the
accuracy and AUC values shows thatSVM has best accuracy, but the value of AUC decreases apparently. So we
can conclude that SVM has best prediction results in file based defects.The results demonstrate that support
vector machine is best fit for the cross version defect prediction.

Conclusion: Software testing has become more and more important in software reliability since last couple of
years. But on software testing we are wasting much time, resource and money. Software defect prediction can
help to improve the efficiency of software testing and guide the direct resource allocation. In this study, we
discussed the key techniques including software metrics, classifiers, and defect prediction models and its
evaluation.Python language is most widely use language especially in data science. The significant factor
giving the push for Python is the variety of data science/data analytics libraries made available for the
aspirants. Pandas, NumPy, SciPy, and Scikit-Learn, are some of the libraries well known in the data
science community. Python does not stop with that as libraries have been growing over time. When it
comes to data science, machine learning is one of the significant elements used to maximize value from data.
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I.  Introduction

Defects are essential parameters of a software system. They come from software development life
cycle. Defects in software can create unintended behaviors after the software project is implemented, thus
causing tremendous economic loss to business in worst case. Software defects are very painful problem for
developers, researchers as well as for end-users. The software project / product which is performing well at the
moment may also have defects that are not caused now or that are not critical at this stage. Software defects are
programming error that caused different actions compared to different expectations. Most of the defects are
from the software development life cycle. Therefore, softwarecompanies used to use a resource called software
quality assurance (SQA) team the job of this team is to test and inspect the code to detect defects before
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deployment phase. At this stage, we are attempting to identify the software defects to achieve its necessary
standards. In the whole software development life cycle more than 50 percent of time is spending on
maintaining software quality and its reliability. Findings defects in software is not an easy task. Cost plenty of
money to find and resolve the defects. To save the cost, time and testing resource companies want to identity
potential defective modules as before deployment. Software defect prediction is one of the best approaches [1],
[2],[3]. Researchers used to build software defect prediction models using machine learning techniques to
identify defective modules in new projects. In addition, predicting number of defects for program, modules can
assist in sorting program modules and then allocate more testing resources to these modules, which may contain
more defects. In this way, allocation of testing resources can be further optimized.

In previous studies, there is no specific machine learning techniques which we will use to predict
software defects prediction in file level and package level. To identify the best prediction techniques, we first
sort out the best techniques from previous studies which machine learning techniques are widely used for defect
prediction then we conduct comparison study of two different classifiers to identify the defects in file based and
in package based.

In this study, we used the dataset which comes from the development of the Eclipse program
repository, version control system (VCS) and bug tracking for version 2.0, 2.1 and 3.0.And there are 9 versions
in total, use different object-oriented metrics to build our model and for training purpose of model, we use two
classifiers SVM and ELM. Prediction models are designed with training data, and are tested on test data for its
accuracy. Models of defect prediction are developed in the literature using three predictive techniques, which
differ based on the training data and test data. The prediction techniques are(cross validation prediction, cross
version prediction and cross project prediction). In this study, we used cross version prediction. In this approach,
data from old version of a software is used as training data to develop the prediction model and model is
evaluated from same project of current versions.

Il. Material and Methods

Software defect prediction, in short SDP is popular technique based on machine learning models. Most
research on identification of software defects have used machine learning techniques[4], [5], [6], [7], [8]. The
very first stage to develop a prediction model is to create instances from software records, such as version
control systems in short VCS, defect tracking systems, email records, etc. Instance can describe a process a
software component (or package), a source code file, a class, a function (or method), and/or a change of code as
per the specificity of predicting the defects. An instances has many metrics or attributes extracted from the
repositories of the software and is marked with full of defects / clean or number of defects. For example,
instances created from software repositories are marked with defect or clean or defect percentage [9].

After creating instances with metrics and labels which are popular in machine learning, we can
introduce preprocessing steps. Preprocessing techniques used in prediction of defects involve character
identification, data duplication and low noise[5], [10],[11]. We can train a prediction model with the final set of
training instances. The prediction model will assess whether there is a defect in new sample or not.

Software metrics

Software metrics is a standard of measure that contains many activities which involves some degree of
measurement. In term of software defect prediction, machine learning techniques have known to be helpful. The
main purpose of using software metrics, by constructing defect prediction models using metrics selection
techniques, software practitioners aim to focus on improving software quality.

To predict a software system defectiveness, we have to be able to calculate it. A software metric can be
taken as a function of a set of software certain property that can be used to predict defects. There are numerous
different types of metrics studied so far and we explain these metrics in detail below.

Static code metrics

Static code metrics are determined directly from source code and provide a high-level understanding
and scale of the source code. For example, the number of branches or Boolean statements or the size of the
source code itself is important while calculating these type of metrics. Menzies et al.[12]are classifying static
code metrics as line of code (LOC) metrics, McCabe metrics, Halstead metrics[13]. (See fig 2.1)

Compared to other type of metrics, static code metrics are easy to understand and help us to see how
much complex a software system is. For the purpose of defect prediction, these metrics are just inputs to the
defect prediction algorithms.
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Figure 2.1. McCabe, LOC, and Halstead metrics studied by Menzies et al. (2007)
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Object-oriented metrics

As the size and complexity of software grow and develop normally, developers come up with object
oriented programming tools in 1990s.With the creation of OO design methodology, CK suggested new
metrics[14],to access the quality of software systems that are built using OO programming languages. Similar to
the traditional metrics explained above, these metrics model both inner module complexity and the interactions
among the classes of the system and are extensively used in the defect prediction literature[15], These metrics
are:
. WMC: The number of methods and operators defined in each class excluding inherited ones.
DIT: Number of class ancestors.
RFC: The number of functions (or methods) executed when a method or operator of that class is
invoked. It is expected that when the value of RFC metric is higher, the class is more complex.
NOC:Total of survivors of the main class, except categories of grandchildren.
CBO: The number of combined groups in a software system. If a class is using operators or methods of
that class, it is combined with another class.
LCOM: The amount of procedures in a class using a common variable with other classes except the
number of methods using variables which are not common with any other class. If LCOM is negative the setting
is zero.

LOC:The number of usable source code lines within a class. Remember that remarks are removed and
blank lines.

Methodology for software defect prediction
In this section, we briefly explained the methods and techniques considered in our study for software defect
prediction.

Bug tracking system

The data used in this study regarding bugs are the output of BUGZILLA, an open source project.
Bugzilla is developed by the bug tracking system of Mozilla, which includes updating defect details, monitoring
defects, finding defects and debating answers for developers and ultimately solving the problems. Bugzilla
monitors eclipse defects discovered during development phase. The data of defects included in this research
come from components JDT, PDE and platform, when Eclipse version 2.0, 2.1, 3.0. It has 4920 defects.

By sugzila
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Dataset obtain rules and algorithm
In this section, we want to acquire data sources from version control system and also from bug tracking
system for defects in this phase. The data sources are acquires in three stages.
i. Collecting the change log details from certain version of software requires collecting all the defect IDs
throughout construction that relate to a certain version of the software.
We can find the version detail based on acquired defect ID similar location in version control system.
Reporting any defect contains version of this field knowledge, involves version in which the defect was
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identified. But in the life cycle of software, these specifics will change, we can get more than one version of
this information in the final.

iii. Calculate software metrics for packages and files which exist defects. We are using the Eclipse plugin
metrics 1.3.6. for this operation.

Brain Henderson-Sellers is proposing the set of metrics chosen in this study. It is the set of OO-metrics,
including complexity metrics. For this study, we are using fourteen separate software metrics which are shown
in below table.

Metrics set
Name Detail Name Detail
fout Functions_called nom Number_of _Methods
mloc Method_line_of code nsm Number_of_Static_Methods
nbd Nested_Block_Dept noc Number_of _contained_classes
par Number_of _Parameters tloc Total_line_of_codes
vg McCabe Cyclomatic Complexity noi Number_of_interface
nof Number_of_Attributes nocu Number_of_files

Dataset analysis and preprocessing

In this section, we need to examine the characters of metrics before the experiment of data sets.
Empirical Software Engineering specifies that data used during predicting software defects typically has a
certain amount of expertise. We need pre-processing to monitor the side effects of the quality of the experience.

Analysis dataset and defects distribution

The dataset can be broken down into two categories, dataset dependent on files and dataset based on
packages. Each package has similar data files. Each file includes the defects of pre-release amount and defects
of post release amount and also the value of metrics. In this research, the set of metrics used includes software
complexity metrics, software size metrics and OO metrics as well.
There are total of 6729 file-based records in version 2.0, and package based contains 377 records. The below
table contains lists the defects information in all three versions. Where if the simple size is between 10-100, so
the validity of the findings will therefore be severely limited, this time usually on a small sample. The chosen
classifier worked for better or using the bionic algorithm to provide large scale data. The sample size as used
here, if the file level and amount of sample in package level are between 6000 and 11000 but the experimental
findings have validity from the data point of view of the scale.

Dataset size

Release_Version | Files | Col_Nr | Failure_Prone | Package | Col_Nr | Failure_Prone
No. No.
2.0 6729 202 145 377 211 .504
2.1 7888 202 .108 434 211 447
3.0 10593 202 .148 661 211 473

Data preprocessing

Data preprocessing in machine learning is a key step that helps to improve data quality in order to
facilitate the retrieval of useful insights from the data. In ML data preprocessing refers to the techniques of
cleaning the raw data to make it feasible for models of constructing and machine learning model. The software
defect prediction research reveals, that some defect system output is closely linked to data features. Heavily
processed data sets often exhibit non-normal distribution, similarity and high redundancy and also unequal
distribution of sample properties.
Using all these data greatly impacts assembly precision performance. Effective data pre-processing will also
increase the efficiency and accuracy of the scale of data classification. Preprocessing of data consists in the
following ways: data cleaning, normalization, noise reduction, attribute selection.

Defects prediction methods and steps
In this study we can discuss four aspects of defects classification prediction proposed which are collect
the dataset, analyse and pre-process the dataset, develop prediction model by using different machine learning
classifiers and evaluate the performance of the model. The steps are under below:
i. Obtain the dataset

DOI: 10.9790/0661-2205034858 www.iosrjournals.org 51 | Page



Performance comparison of Machine learning classifiers in Software Defects Prediction

ii. Split the dataset into two parts (file based and package based)
iii. The report obtains statistical records for file level data involving pre-release, amount of post release defects,
file name and assembly that comprise the file.
iv. The report obtains statistical records for package level data involving pre-release, amount of post release
defects, package name and assembly that comprise the package.
v. Use Eclipse metrics plugin to measure the software metrics per each file and package level.
vi. Data clean for both file and package based level.
vii. A clean file based data and package based data, create model to predict the defects in files / package of
future version.
viii. Bugzilla handles the defects, so we can get details about the defects.
ix. Atthe last the predicted results and performance evaluation of the model.
x. Compare the performance of the models.

Prediction of support vector machine

The SVM develop in the linear classification. The low-dimensional issues which cannot be solved can
be transformed into higher dimension and then linearly divisible. Its kernel function can map from small to large
dimensions. If there is one sample fully divided by a linear function, we can then say this data is linear
separable, otherwise it cannot be differentiated linearly. And space dimension, this linear function is a three-
dimensional point space, his linearly function is s line. Where the dimension is infinite then the linear function is
hyper plane.
At the beginning we define hyper plane as shown is figure 3.1.

Hyperplane: g(x) ={x|<w, X > +b = 0},{w, X) is the vector product, @ is normal vector, and b means

offset. We get @ and b by classes which have labels. If the data is located in the position direction of this hyper
plane, we regard it as a positive, otherwise it is negative. The data which are close to hyper plane are supported
vectors. They define the position of hyper plane. Typically the problem of classification gets easier when we
map the medium dimensional space to space of large dimensions. In this given situation, we need to construct

the optimal hyper plane. The basic input model of support vector machine is {x[l]} € R, . Itcontains two types
of points. If X[i]belongs to class 1, then the y[i] =1, if X[i]belongs to class two, then y[i] =-1. For the
training data set{x[i], y[i].i=123,.., n} . The distance from sample data points to certain hyper plane is

5i =YV, (a))(i +b), an optimal hyper plane means maximal intervals. The selection of hyper plane is depend on

(W, X), we must determine the vector objective, and if the computing dimensions are very large complexity is
high too. Kernel selection function is a solution to this problem. A healthy kernel output should be the same

even if it in lower space measurements. i.e. we have expression profile p = (101,/02,... ' Py ) ed? and
q= (ql, 0,0, ) ell?.We can map into space of great dimensions, by linear kernel function
K ( p, q) = (P, ), polynomial kernel function K (p,q)=(»{p,q)+C, )d and the kernel function based

on radial K (p,q) =exp(—y p—qL?).
There are plenty of instructions for choosing kernel functions until now. Normally the radial-based kernel
functions are commonly used.

Figure 3.1 Hyper plane
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Table 3.3 nu-SVM model performance
Table 3.2 ¢c-SVM model performance

Nr of support vector | 1987 Nr of support | 1274
vector
SVM type C-classification SVM type nu-classification
SVM-kernel Radial SVM-kernel Radial
Cost 1 nu 0.01
gamma 0.03125 gamma 0.03125

Apart from kernel functions, another big issue is when using kernel function to map high dimensional
space, the problem is still what we should do in this case, not linearly differenced. But the presence of noise, we
use slacks variables to solve the issue, the noise could be the data which can be separated. Data on sample
requirements can be represented in exp 3.1 and n is the sample data amount.

y[i](wex[i]+b)=1(i=12,...n) 31

Which is the distance from the data to the hyper plane should be 1 max. The requirements can be redefined in
exp 3.2 if we permit noise to happen, we can attach a slack variable to 1.

y[i](wex[i]+b)21-g (i=12,..n)g =0 3.2

But this poses another problem and some of the outer ones still follow the requirements for
classification. We abandon the accuracy of those data penetrates. This is setback for our ranking of classifier. To
give up the data points, on the other hand also implies that the hyper plane goes to this position so we have
capacity. We must of course evaluate the cost and the disadvantages. We use the punishment factor C as a
guidance. We are trying to get the more distant hyper plane and even a lower one value C.

Condemnation factor C is not a variable. When we fix this optimization technique, C is a predefined
value. We get the predefined value for the rating. And test the results, then turn to another C if it’s not good and
replicate until the right one in found. We see that function of kernel and the slack variables are built to solve the
issue, the linearly inseparable issue one mapped into high dimensions space. One fixes outlier data points. No
matter how we navigate the classification plane, there is still going to be a lot of outlier. To solve the issue, we
can use kernel function to map them into space of high dimensions. If they are not yet clearly distinct but
stronger than in the original space, then we add slack variable to fix the issue. Based on the difference of
defection methods, different SVM have different classification algorithm. There are C-SVM and nu-SVM,
epsilon-SVM which provides support for regression. In this case we can use, c-SVM and nu-SVM.

c-SVM uses radial based kernel functions to mapped from low dimension space into high dimension
space, see table 3.2. The penalty factor is 1, obtained by learning a collection of sample data. Parameter:
Sparsely described in which manner it accepts sample data outliers. The smaller the spare parameter indicates
we pay greater attention to outliers. We can see the result of evaluation of model in below tables. All kernel
functions except linear kernel functions need Gamma; the default value is dimensions 1 / data. We need 1987
support vector to determine the hyper plane. The higher the support factor, the more calculation will be
complex.

Prediction of extreme learning machine

Extreme learning machine is a basic single-layer feed-forward neural network (SLFN) is a fast learning
algorithm proposed by Professor Huang Guang bin. Theoretically the ELM algorithm aims to provide good
output at an extremely high learning level.

The ELM does not use a gradient-based strategy as opposed to conventional feedforward network
learning algorithms such as back-propagation algorithms. All parameters are tuned in once with this system.
This algorithm does not iterative instruction. The characteristic of this can be claimed that the input weights and
the bias of the hidden layer can be randomly chosen without any change in the process of deciding network
parameters, which increases the training speed and reduces the adjustment time of parameters.

At first create the random weights matrix and bias for input layer. The weight matrix and bias size is (j
x k) and (1 x k) where j is the number of hidden nodes and k is the number of entry nodes.

DOI: 10.9790/0661-2205034858 www.iosrjournals.org 53 | Page



Performance comparison of Machine learning classifiers in Software Defects Prediction

W = I: rand rand

rand rand
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We need to look at how extreme learning machine (ELM) production is measured before going into depth.

fL(X):iZ:'Bigi(X):Zﬂig(Wi *X +bi), j=L..,N

Where:

L is the quantity of input layer, N is the number of measures of training, w is the weight vector between
the input and hidden layer, g is a function of stimulation, b is a vector of vias and x is a state vector.

There are many advantages that ELM holds, ELM learning speed can be thousand times higher than the
traditional learning algorithm for back propagation, it gets the smallest training defect as well as the lowest
weight rate, and it also achieves a good output in generalization compared to the other learning algorithm. At

start there are seven filter based selection techniques were applied. The top [Iog2 n] features were selected out

of all the n ranked features. The filter based classifiers are based on the concept of the unique requirements of an
individual aspect that can be calculated along precision measurements, auc and f-measurement[16], [17], [18].
Five subset collection strategies based on the wrapper features were also added. The wrapper based strategies
are based on the premise that an attribute can work significantly well in a category, despite not having
comparable results when separately examined. The approaches often involve a learning algorithm to find a set of
characteristic that are useful in constructing the predict prediction model.

I11. Results

In this section,we can examine the model’s performance in general. Distribution of data defects and
metrics by evaluating the data distribution of defects. We realize they are not equilibrium and they are similar to
rules 20-80. The potential reason is that modules with more defects are always the main models and are used
more often and in a more profound manner. Only part of the metrics have a major relationship with data of
defects but they are not the same across different versions and different variability.

The impact of various metrics on the results of prediction by adjusting the metrics sets, we can find that
the more metrics we have the more reliable the outcome is. The metrics sets replicate the software characters.
Therefore the more metrics it includes the more reliable it is. But not all predictive models can manage the
metrics well, so if you use more metrics there’s no big improvement. We choose three different versions of
eclipse (09 versions in total). The data can be downloaded from the development of the Eclipse program
repository, version control system (VCS) and bug tracking for version 2.0, 2.1 and 3.0. We got the comparison
results of two widely used machine learning techniques. Detail result of both classifiers are mentioned below.
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Support vector machine

The detailed result of each dataset are shown below. And also line chart for file based and package
based prediction SVM model for all three versions separately.By comparing both tables (3.1 and 3.2). We will
note that findings from file-based predictions have a higher accuracy. But the outcome of package based
prediction has an AUC higher.

Table 3.4 Result of file based prediction SVM Model

TRAINING TESTING ACCURACY RECALL PRECISION AUC
File 2.0 File 2.0 0.8917 0.3187 0.8289 0.6486
File 2.1 0.9105 0.1216 0.3642 0.5975
File 3.0 0.8653 0.2098 0.6214 0.5863
File 2.1 File 2.0 0.8761 0.1498 0.7275 0.5688
File 2.1 0.9008 0.1779 0.9185 0.5764
File 3.0 0.8607 0.1128 0.7475 0.5548
File 3.0 File 2.0 0.8674 0.2766 0.6017 0.6028
File 2.1 0.8915 0.2263 0.5174 0.5953
File 3.0 0.8479 0.4149 0.4876 0.6690
Chart 3.4 Line charts of file based prediction SVM Model
TRAINING FILE 2.0 TRAINING FILE 2.1 A riea0
Table 3.5 Result of package based prediction SVM Model
TRAINING TESTING ACCURACY | RECALL PRECISION | AUC
Package 2.0 Package 2.0 0.6710 0.9147 0.6118 0.6608
Package 2.1 0.6489 0.8854 0.5709 0.6730
Package 3.0 0.6216 0.8324 0.5809 0.6486
Package 2.1 Package 2.0 0.7285 0.8336 0.6919 0.7108
Package 2.1 0.8931 0.9266 0.8609 0.8950
Package 3.0 0.7450 0.8301 0.7102 0.7548
Package 3.0 Package 2.0 0.6555 0.9051 0.6152 0.6629
Package 2.1 0.6479 0.8859 05713 0.6721
Package 3.0 0.7190 0.9170 0.6403 0.7285
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Chart 3.5 Line charts of package based prediction SVM Model
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In this section, the detailed result of extreme learning machine of each dataset are shown below. And
also line chart for file based prediction SVM model for all three versions separately. By comparing both tables
(3.4 and 3.5). We will note that findings from file-based predictions have a higher accuracy. But the outcome of
package based prediction has an AUC higher.

Table 3.6 Result of file based prediction ELM Model

TRAINING | TESTING | ACCURACY | RECALL | PRECISION | AUC
File 2.0 File 2.0 0.8453 0.3687 0.6926 0.7051
File 2.1 0.8502 0.3356 05421 06716
File 3.0 0.8469 0.3589 0.4497 0.6545
File 2.1 File 2.0 0.8419 0.2268 0.4492 06398
File 2.1 0.8367 0.2678 0.4637 06137
File 3.0 0.8096 0.2477 05943 06272
File 3.0 File 2.0 0.8262 0.2667 05017 06786
File 2.1 0.8526 02133 04162 0.6538
File 3.0 0.8276 04138 0.4865 0.6691

Chart 3.6 Line charts of file based prediction ELM Model
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Table 3.7 Result of package based prediction ELM Model

PRECISION

AUC

0.4205

File3.0

TRAINING TESTING ACCURACY RECALL PRECISION AUC
Package 2.0 Package 2.0 0.6450 0.7558 0.6034 0.6451
Package 2.1 0.6409 0.7366 0.4670 0.6172
Package 3.0 0.6358 0.6939 0.4935 0.7064
Package 2.1 Package 2.0 0.7194 0.6916 0.5692 0.6928
Package 2.1 0.8917 0.7195 0.5117 0.6642
Package 3.0 0.7504 0.7233 0.4902 0.5709
Package 3.0 Package 2.0 0.7458 0.7605 0.6135 0.7438
Package 2.1 0.7598 0.6839 0.5705 0.7601
Package 3.0 0.7286 0.7430 0.5421 0.7756
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Chart 3.7 Line charts of package based prediction ELM Model
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By comparing the file based tables of SVM and ELM we can find the average accuracy values and
AUC. This means the extreme learning machine has the highest AUC value, but the value of accuracy is also
close to SVM. And SVM has similar accuracy, and very close AUC value. Then we can see how these models
perform in package based prediction. By comparing the data in package based prediction of SVM, ELM, the
accuracy and AUC values shows thatSVM has best accuracy, but the value of AUC decreases apparently. So we
can conclude that SVM has best prediction results in file based defects.

V. Discussion

In this section, we can compare the results of two widely used classifiers which are used for software
defects prediction. We have made a comparative study of SVM and ELM using different metrics, classifiers and
techniques. We get the datasets form eclipse version control system. Our data consist of different versions, we
split the data into test based and training based. After preprocess the data with the help of python language and
by using different metrics we build our model thenwe trained our model using different machine learning
techniques and algorithms. Our study also shows that these two classifiers are best for software defects
prediction among all classifiers. As we mentioned the file based and package results of our models in above
tables separately of all different versions of dataset. Our methods perform well the results as compare to
previous proposed methods[19], [20].

In this study, based on the understanding and results of the mechanism and practical values of
prediction of software defects, there is stills some possibility to enhance the research. In this study we just used
two machine learning classifiers which are suitable for predicting work and we also used some limited
metrics. We will use more machine learning techniques in the future to predict the number of defects, the type of
defects and the solution for removing them.At this stage we only apply this model to Eclipse datasets but in
future we will apply this model to different open source repositories datasets and as well as will test this model
in cross platforms also.

V. Conclusion

Software testing has become more and more important in software reliability since last couple of years.
Yet we spent a great deal of time, energy and money on software testing. Prediction of software defects may
help increase the effectiveness of software testing and guide the direct allocation of resources. In this study, we
have been discussed past related work and current situation of software defects prediction. We also addressed
basic features, such as software metrics, classifiers and defect prediction models, and assessment.

We get the data for this research comes from Eclipse software development repository and VVCS. And
by using Eclipse plugin to calculate the software metrics in file based and as well as package based. By using
Python we developed defect prediction models with the help of different algorithms. And then use these models
to predict defects for file and packages. At the last, we discussed the performance of all these models. SVM has
the best accuracy values among these models. So we can say that SVM is the best fit for software defect
prediction. This will provide software testing resource guidance for predicting software predicts.
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