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ABSTRACT 

       Before a product can be shipped, it needs to be very well tested. The problem, however, is that it is not feasible to 

test every path in a program. To perform exhaustive path testing on that simple program, it would require tests for many 

paths. The number of paths in a realistic program render complete testing impractical due to the exponential growth of 

paths. They have problems identifying the source code files that are likely to fail during testing, though. If the testers 

were provided with information about files which might fail, the testing process could be focused on those files. The lack 

of knowledge on what to focus the testing on can also lead to faults slipping through to later stages of the development 

which raises the cost associated with fixing them. If fault prone files are detected and testing is focused on the set of fault 

prone files, the testers can save time by not focusing the testing effort on files that are unlikely to contain faults and 

instead use that time to thoroughly test the fault prone files. 

1.LITERATURE SURVEY 

Feature identification is a well-known technique to identify subsets of a program source code activated when 

exercising a functionality. Several approaches have been proposed to identify features. We present an approach to feature 

identification and comparison for large object-oriented multi-threaded programs using both static and dynamic data. We 

use processor emulation, knowledge filtering, and probabilistic ranking to overcome the difficulties of collecting 

dynamic data, i.e., imprecision and noise. We use model transformations to compare and to visualize identified features. 

We compare our approach with a naive approach and a concept analysis-based approach using a case study on a real-life 

large object-oriented multi-threaded program, Mozilla, to show the advantages of our approach. We also use the case 

study to compare processor emulation with statistical profiling. 

 

2.SYSTEM ANALYSIS 

2.1 EXISTING SYSTEM 

 The Chidamber and Kemerer (CK) metrics have been widely used in the context of bug prediction. Basili et al. 

investigated the usefulness of the CK suite for predicting the probability of detecting faulty classes. They showed 

that five of the experimented metrics are actually useful in characterizing the bug-proneness of classes.  
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 The same set of metrics has been successfully exploited in the context of bug prediction by El Emam et al. and 

Subramanyam et al. Both works reported the ability of the CK metrics in predicting buggy code components, 

regardless of the size of the system under analysis. 

 Ohlsson et al. focused the attention on the use of design metrics to identify bug-prone modules. They performed a 

study on an Ericsson industrial system showing that at least four different design metrics can be used with 

equivalent results. The metrics performance are not statistically worse than those achieved using a model based 

on the project size.  

 Zhou et al. confirmed their results showing that size-based models seem to perform as well as those based on CK 

metrics except than the Weighted Method per Class on some releases of the Eclipse system. Thus, although Bell 

et al. showed that more complex metric-based models have more predictive power with respect to size-based 

models, the latter seem to be generally useful for bug prediction. 

 

3.PROBLEM STATEMENT 

 A preprocessing tool for structuring the metrics into a desired format.  

 An analysis, together with explanations, of produced results.  

 A conclusion of why the results came out as they did. 

3.1 PROPOSED SYSTEM 

 The Proposed system is extended the empirical evaluation of our bug prediction model by considering a set of 26 

systems. 

 Compare our model with two additional competitive approaches, i.e., a prediction model based on the focus 

metrics proposed by Posnett et al. and a prediction model based on structural code metrics, that together with the 

previously considered models, i.e., the BCCM proposed by Hassan and the one proposed by Ostrand et al., lead to 

a total of four different baselines considered in our study. 

 Devise and discuss the results of a hybrid bug prediction model, based on the best combination of predictors 

exploited by the five prediction models. 

 

3.2 ADVANTAGES 

 This system implements Research Questions and Baseline Selection which is effective in fining bugs. 

 The system has a technique to Detect bugs of Mining Software Repositories. 
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4.SYSTEM ARCHITECTURE 

 

 

4.1 LIST OF MODULES 

 System Construction Module 

 Ranking Function  

 Information Retrieval 

Explanation of modules: 

4.1.1 System Construction Module 

 In the first module, we develop the system with the entities required to evaluate our proposed model. When a new 

bug report is received, developers usually need to reproduce the bug and perform code reviews to find the cause, 

a process that can be tedious and time consuming. So this introduces an adaptive ranking approach that leverages 

project knowledge through functional decomposition of source code, API descriptions of library components, the 

bug-fixing history, the code change history, and the file dependency graph. Given a bug report, the ranking score 

of each source file is computed as a weighted combination of an array of features, where the weights are trained 

automatically on previously solved bug reports using a learning-to-rank technique.  

 We propose to approach it as a ranking problem, in which the source files (documents) are ranked with respect to 

their relevance to a given bug report (query).  

4.1.2 Ranking Function Module 

 The ranking function is defined as a weighted combination of features, where the features draw heavily on 

knowledge specific to the software engineering domain in order to measure relevant relationships between the 

bug report and the source code file. While a bug report may share textual tokens with its relevant source files, in 

general there is a significant inherent mismatch between the natural language employed in the bug report and the 

programming language used in the code. 
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 Ranking methods that are based on simple lexical matching scores have suboptimal performance, in part due to 

lexical mismatches between natural language statements in bug reports and technical terms in software systems. 

Our system contains features that bridge the corresponding lexical gap by using project specific API 

documentation to connect natural language terms in the bug report with programming language constructs in the 

code. 

 Source Code files may contain a large number of methods of which only a small number may be causing the bug. 

Correspondingly, the source code is syntactically parsed into methods and the features are designed to exploit 

method level measures of relevance for a bug report. It has been previously observed that software process 

metrics (e.g., change history) are more important than code metrics (e.g., size of codes) in detecting defects. 

4.1.3 Information Retrieval Module 

Since all the words in the product and component text field are not significant enough to represent a bug 

report; therefore, this text was pre-processed using text retrieval methods of Information Retrieval technique to 

determine the ones which were representative of this text. These retrieval techniques are as follows: 

a. Tokenization - In this step, those keywords need to identify which could represent the product and component 

field. It involves converting the stream of characters of the given field into stream of words or tokens. In this 

process, capitals, punctuations, symbols such as brackets, hyphens and other nonalphabetic constructs etc need to 

be removed from the text. 

b. Stop Word Removal - In this step, common words, like a, and, the, for, with etc that do not carry any specific 

information need to remove. 

c. Stemming - In this step, all the words left after performing step a and b are converted to their root forms. For 

example, words like connected, connecting, connection, and connections were converted to their root form 

connect. 

4.3  ALGORITHMS IMPLEMENTATION 

The various algorithms used are: 

 Feature Extraction 

 Naïve Bayesian Classification 

 Linear Regression 

4.3.1 FEATURE EXTRACTION 

In machine learning, pattern recognition and in image processing, feature extraction starts from an initial set of measured 

data and builds derived values (features) intended to be informative and non-redundant, facilitating the subsequent 

learning and generalization steps, and in some cases leading to better human interpretations. Feature extraction is 

a dimensionality reduction process, where an initial set of raw variables is reduced to more manageable groups (features) 

for processing, while still accurately and completely describing the original data set. 
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 When the input data to an algorithm is too large to be processed and it is suspected to be redundant (e.g. the same 

measurement in both feet and meters, or the repetitiveness of images presented as pixels), then it can be transformed into 

a reduced set of features (also named a feature vector). Determining a subset of the initial features is called feature 

selection. The selected features are expected to contain the relevant information from the input data, so that the desired 

task can be performed by using this reduced representation instead of the complete initial data. 

Feature selection is a process where you automatically select those features in your data that contribute most to 

the prediction variable or output in which you are interested. 

Having irrelevant features in your data can decrease the accuracy of many models, especially linear algorithms 

like linear and logistic regression. 

Three benefits of performing feature selection before modelling your data are: 

 Reduces Overfitting: Less redundant data means less opportunity to make decisions based on noise. 

 Improves Accuracy: Less misleading data means modelling accuracy improves. 

 Reduces Training Time: Less data means that algorithms train faster. 

 

4.3.2 OBJECTIVE 

We investigated whether software metrics from source code files combined with metrics from their respective tests 

predicts faults with better prediction performance compared to using only metrics from the source code files. It includes a 

prediction approach  to the problem of mapping source files to bug reports that enables the seamless integration of a wide 

diversity of features; exploiting previously fixed bug reports as training examples for the proposed ranking model in 

conjunction with a learning-to-rank technique; using the file dependency graph to define features that capture a measure 

of code complexity; fine-grained benchmark datasets created by checking out a before-fix version of the source code 

package for each bug report 

5.RESULT 

5.1 Volume of Bugs 

 

5.1. Screenshot: Volume of Bugs present in the Dataset  
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5.2 Feature Extraction 

.  

5.2 Screenshot: Feature Extraction for Complexity of Bugs 
 
5.3 Naïve Bayesian Classification 
 

 
5.3 Screenshot: Naïve Bayesian Classification 

5.4 Linear Regression   
 

 
5.4 Screenshot: Result of Linear Regression 
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CONCLUSION 

Software bug prediction is a technique in which a prediction model is created in order to predict the future 

software faults based on historical data. Various approaches have been proposed using different datasets, different 

metrics and different performance measures. We evaluated the using of machine learning algorithms in software bug 

prediction problem. Three machine learning techniques have been used, which are Feature extraction, Naive Bayesian 

and Linear regression. Experimental results are collected based on accuracy, precision, recall, F-measure, and Support 

count measures. Results reveal that the ML techniques are efficient approaches to predict the future software bugs. 

Moreover, experimental results showed that using ML approach provides a better performance for the prediction model. 

FUTURE ENHANCEMENTS  

As a future work, we may involve other ML techniques and provide an extensive comparison among them. 

Furthermore, adding more software metrics in the learning process is one possible approach to increase the accuracy of 

the prediction model and comparing the results to show for the prediction model.  
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