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Abstract - Computer is an essential tool for research, whether for academic purpose or for commercial purpose. 
Computers play a major role today in every field of scientific research from genetic engineering to astrophysics 
research. In new era the information and data communication technologies are highly used in the Business 
Industry. The data warehouse is used in the significant business value by improving the effectiveness of 
managerial decision-making. Recent developments in information technology have enabled collection and 
processing of enormous amount of personal data, such as criminal records, shopping habits, banking, credit and 
medical history, and driving records. This information is undoubtedly very useful in many areas, including 
medical research, law enforcement and national security. Data Storage, data access efficiently and speedily is 
not only the key for competitiveness but the date security and privacy is important and is the new research 
challenges for Researchers as well as for any business industry. 
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I. INTRODUCTION 
 
Data are inherently complex and difficult to 
conceptualize. This complexity,compounded by 
intricate dependencies and disparate programming 
paradigms, slows development and maintenance 
activities, leads to faults and defects and ultimately 
increases the cost of software. Most software 
development organizations develop some sort of 
processes to manage software development activities. 
However, as in most other areas of business, software 
processes are often based only on hunches or 
anecdotal experience, rather than on empirical data. 
Consequently, many organizations are ‘flying blind’ 
without fully understanding the impact of their 
process on the quality of the software that they 
produce. This is generally not due to apathy about 
quality, but rather to the difficulty inherent in 
discovery and measurement. Software quality is not 
simply a function of lines of code, bug count, number 
of developers, man-hours, money or previous 
experience – although it involves all those things – 
and it is never the same for any two organizations. 
Data metrics have long been a standard tool for 
assessing quality of software systems and the 
processes that produce them. However, there are 
pitfalls associated with the use of metrics. Managers 
often rely on metrics that they can easily obtain and 
understand which may be worse than using no 
metrics at all. Metrics can seem interesting, yet be 
uninformative, irrelevant, invalid or not actionable. 
Truly valuable metrics may be unavailable or difficult 
to obtain. Metrics can be difficult to conceptualize 
and changes in metrics can appear unrelated to 
changes in process. 
Alternatively, software engineering activities 
generate a vast amount of data that, if harnessed 
properly through data mining techniques, can help 

provide insight into many parts of software 
development processes. Although many processes are 
domain – and organization – specific, there are many 
common tasks which can benefit from such insight, 
and many common types of data which can be mined. 
Our purpose here is to bring software engineering to 
the attention of our community as an attractive tested 
for data mining applications and to show how data 
mining can significantly contribute to software 
engineering research. 
 
The paper is organised as follows. In Section 2, we 
briefly discuss related work, pointing to surveys and 
venues dedicated to recent applications of data 
mining to software engineering. Section 3 describes 
the sources of software data available for mining and 
Section 4 provides a brief, but broad, survey of 
current practices in this 
domain. Section 5 discusses issues specific to mining 
software engineering data and prerequisites for 
success. Finally, Section 6 concludes the paper. 
 
II. RELATED WORK 
 
Although the application of data mining to software 
engineering artefacts is relatively new, there are 
specific venues in which related papers are published 
and authors that have created resources similar to this 
survey. 
 
Perhaps the earliest survey of the use of data mining 
in software engineering is the 1999 Data and Analysis 
Center for Software (DACS) state-of-the-art report 
(Mendonca and Sunderhaft, 1999). It consists of a 
thorough survey of data mining techniques, with 
emphasis on applications to software engineering, 
including a list of 55 data mining products with 
detailed descriptions of each product and summary 
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information along a number of technical as well as 
process-dependent features. Since then, and over the 
years, Xie (2010) has been compiling and 
maintaining an (almost exhaustive) online 
bibliography on mining software engineering data. 
He also presented tutorials on that subject at the 
International Conference on Knowledge Discovery in 
Databases in 2006 and at the International 
Conference on Software Engineering in 2007, 2008 
and 2009 (e.g., see Xie et al., 2007). Many of the 
publications we cite here are also included in Xie’s 
bibliography and tutorials. 
The Mining Software Repositories (MSR) Workshop, 
co-located with the International Conference on 
Software Engineering, was originally established in 
2004. Papers published in MSR focus on many of the 
same issues we have discussed in this survey and the 
goal of the workshops is to increase understanding of 
software development practices through data mining. 
Beyond tools and applications, topics include 
assessment of mining quality, models and meta-
models, exchange formats, replicability and 
reusability, data integration and visualisation 
techniques. 
Finally, Kagdi et al. (2007) have recently published a 
comprehensive survey of approaches for MSR in the 
context of software evolution. Although their survey 
is narrower in scope than the overview given here, it 
has greater depth of analysis, presents a detailed 
taxonomy of software evolution data mining 
methodologies and identifies a number of related 
research issues that require further investigation 
 
III. DATA ANALYSIS AND  DATA 
FORMATION 
 
Data Analysis is used to generate class labels. The 
objects are classified or grouped based on the 
principle of maximizing the similarity within a class 
based on the observed pattern. A regularly used and 
the simplest of clustering algorithms is K-means 
algorithm (Kaur and Kaur, 2013). Heuristics based on 
the domain information can be applied to cluster data 
where K-Means algorithm produces a large number 
of outliers (Shashidhar and Varadarajan, 2011). Self- 
Organizing Map is an important neural network based 
technique employed for clustering and has been 
appliedfor problems in banking domain (Shih, 2011). 
Concept formation is a closely related process to 
clustering and is used to learn summaries from data. 
This process integrates learning and classification 
tasks to identify summaries and organize learned 
summaries into a hierarchy. In banking area, 
clustering and concept formation can be employed for 
classifying customers with same kind of transactions 
or queries or profiles or subscribe to similar products 
or has similar risk aptitude. For example, in banking 
sector salaried customers tend to join investment 
plans with regular contributions. Knowledge about 
these classes will help banks to design products to 

each class of customers and can embark on targeted 
and more effective marketing campaigns. 
 
IV. APPLICATION  
 
Data mining, the extraction of hidden predictive 
information from large databases, is a powerful new 
technology with great potential to help companies 
focus on the most important information in their data 
warehouses. Data mining tools predict future trends 
and behaviors, allowing businesses to make 
proactive, knowledge-driven decisions. The 
automated, prospective analyses offered by data 
mining move beyond the analyses of past events 
provided by retrospective tools typical of decision 
support systems. Data mining tools can answer 
business questions that traditionally were too time 
consuming to resolve. 
Applications of data security  to various areas of 
software engineering – several of whichhave been 
discussed in this paper – will certainly continue to 
develop and provide newinsights and benefits for 
software development processes. Regardless of the 
specific techniques, there are aspects of data  that are 
increasingly important in thedomain of software 
engineering.In this section, we discuss a few issues 
that can help increase the effectiveness and adoption 
of data  performance, both in software engineering 
and in general. 
 
A. Targeting Data Tasks Intelligently 
Data extracting is only as good as the results it 
produces. Its effectiveness may be constrained by the 
quantity or quality of available data, computational 
cost, stakeholder buy-in or return on investment. 
Some data or tasks are difficult to mine and ‘mining 
common sense’ is a waste of effort, so choosing 
battles wisely is critical to the success of any data 
mining endeavour. 
Automatable tasks are potentially valuable targets for 
data mining. Because software development is so 
human-oriented, people are generally the most 
valuable resources in a software organisation. 
Anything that reduces menial workload requiring 
human interaction can free up those resources to 
perform other tasks which only humans can Do.For 
example, large organizations may benefit 
substantially from automation of bug report triage 
and assignment. Automatic analysis and reporting of 
defect detection, error patterns and exception testing 
can be highly beneficial and the costs of computing 
resources to accomplish these tasks are very 
reasonable. Text analysis of source code for 
duplication, out-of-sync comments and code, and 
localization of specific functionality could also be 
extremely valuable to maintenance engineers. 
Data mining is most effective at finding new 
information in large amounts of data. Complex 
software processes will generally benefit more from 
data mining techniques than simpler, more 
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lightweight processes that are already well-
understood. However, information gained from large 
processes will also have more confounding factors 
and be more difficult to interpret and put into action. 
Changes to software process are not trivial and the 
effects that result from changes are not always what 
one might expect. 
Equally important to remember is the fact that data 
mining is not a panacea or ‘silver bullet’ that 
improves software all by itself. Information gleaned 
from mining activities must be correctly analysed and 
properly implemented if it is to change anything. 
Data mining can only answer questions that are 
effectively articulated and implemented and good 
intentions cannot rescue bad data (or no data). 
Data miners and software development organisations 
wishing to employ data mining techniques should 
carefully consider the costs and benefits of mining 
their data. The cost to an organisation – whether in 
man-hours, computing resources or data preparation – 
must be low enough to be effective for a given 
application. 
 
B. Lowering the Barrier of Entry 
In order to make a difference in more areas of 
software engineering, data mining needs to be more 
accessible and easier to adapt to tasks of interest. 
There is a great need for tools which can 
automatically clean or filter data, a problem which is 
intractable in the general case but possible for 
specific domains where data is in a known format. In 
addition to automated ‘software-aware’ data mining 
tools, we see a need for research and tools aimed at 
simplifying the process of connecting data mining 
tools to common sources of software data, as 
discussed in Section 3. Currently, it is common for 
each new tool to re-implement problems which have 
already been solved by another tool, perhaps only 
because the solutions have not been published or 
generalised. Because many data mining tasks (e.g., 
text mining) are extremely computationally 
expensive, replication of effort is a major concern. 
Tools that help simplify centralized extraction and 
caching of results will make widespread data mining 
more appealing to large software organisations; the 
same tools can make collaborative data mining 
research more effective. The ability to share data 
among colleagues or collaborators without replication 
amortises the cost of even the most time-intensive 
operations. Removing the ‘do-it-all-yourself’ 
requirement will open many possibilities. 
Intuitive client-side analysis and visualisation tools 
can help spur adoption among those responsible for 
applying newly-discovered information. Most current 
tools, although extremely powerful, are targeted at 
individuals with strong fundamental understanding of 
machine learning, statistics, databases, etc. A greater 
emphasis on creating approachable tools for the 
layperson with interest in using mined data will 

increase the value (or at least an organization’s 
perception of value) of the data itself. 
 
C. A Word of Caution 
Software practitioners must carefully consider which, 
if any, data mining technique is appropriate for a 
given task. Despite the many commonalities in 
software development artefacts and data, no two 
organisations or software systems are identical. 
Because improvement depends on intelligent 
interpretation of information, and the information that 
can be obtained depends on the available data, 
knowledge of one’s data is just as crucial in software 
development as it is in other domains. Thus, we 
reiterate that the first step is to understand what data 
is available, then decide whether that can 
provideuseful insights, and if so, how to analyse it. 
 
CONCLUSION 
 
We have identified reasons why data performance is a 
good fit for data mining, including the inherent 
complexity of development, pitfalls of raw metrics 
and the difficulties of understanding software 
processes. 
We presented three areas of software engineering 
tasks (development, management and research) and 
provided examples of how tasks in each area have 
been addressed by software engineering researchers, 
both with data mining and other techniques. 
Finally, we have presented some suggestions for 
future directions in mining of software engineering 
data and suggested that future research in this domain 
is likely to focus on increased automation and greater 
simplicity. 
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