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Abstract
The contending revelries who hold secretive data may 
collaboratively conduct privacy preserving distributed data 
analysis (PPDA) tasks to studyadvantageous data models or 
analysis results. The competing parties have different spurs. 
Although certain PPDA techniques guarantee that nothing other 
than the final analysis result is revealed, it is impossible to verify 
whether or not participating parties are truthful about their private 
input data. Unless accuratespurs (incentives) are set, even current 
PPDA techniques cannot prevent participating parties from 
modifying their private inputs. The ability to communicate and 
share data has many benefits, and the idea of an omniscient data 
source carries great value to research and building accurate data 
analysis models.
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I. Introduction
Potentially competing partners need to share their secretive data 
for edifice data analysis models that permit them to understand 
the underlying physical phenomena. An omniscient data source 
facilities misuse, such as the rising problem of identity larceny. 
To stop misuse of data, there is a contemporaryflow in laws 
instructingsafety of confidential data, maintain the security 
provided by parting of control while still attaining the benefits 
of an overall data source.Secure multi-party computation (SMC) 
hasemerged as asolution to this problem. Building data analysis 
models (methods)commonlyexecuted among parties that have 
conflicting interests. In the SMC model, we generally assume that 
participating parties deliver truthful inputs. This theory is usually 
justified by the fact that learning the correct data analysis results 
is in the best interest of all participating parties. If any party does 
not want to learn data models (methods) and analysis results, the 
party should not participate in the protocol. 

II. Related Work
All the earlier privacy- preserving data analysis protocols adopt 
that participating parties are truthful about their private input data. 
Newly, theoretical techniques have been used to force parties to 
submit their true inputs. The methods settled in assume that each 
party has an internal device that can verify whether they are telling 
the truth or not. In our work, we do not assume the presence of 
such a device. In its place, we try to make sure that providing the 
true input is the best choice for a participating party.

III. Existing Method
Privacy-preserving data studymethodsassurance that nothing 
other than the final result is revealed whether or not participating 
parties deliver truthful input data cannot be confirmed.Though 
certain PPDA methodsagreement that nothing other than the final 
analysis result is revealed, it is impossible to verify whether or 
not participating parties are truthful about their private input data. 
Unlessappropriatespurs are set, even existing PPDA techniques 
cannot avoid participating parties from adapting their private 

inputs.

A. Disadvantages:
Participating parties can’t provide truthful input data.Security 
system did not depend upon the truthful data and easy fraud 
acceptance.

IV. Proposed Method:
In strategy incentive attuned privacy-preserving data analysis 
techniques that inspire participating parties to provide truthful 
input data. Initially develop key theorems, analyze what sorts of 
privacy-preserving data analysis tasks could be accompanied in 
a way that effective truth is the top choice for any participating 
party. Secure multi-party computation (SMC) has recently arisen 
as aresponse to this issue. We would like to follow more efficient 
SMC methods personalized near applying the data analysis 
tasks.

A. Advantages:
Users provide truthful data for security system and knows the 
answers for security questions.Users can easily identify the fraud 
entry and could be detected.  

V. Modules:

A. Privacy-Preserving Data Analysis:
This type of module protocol assume that participating   parties   are    
truthful about theirprivate inputdata. Data are generally assumed 
to be either vertically or horizontally partitioned. The techniques 
developed in assume that each party has an internal device that can 
verify whether they authentic or not. Privacy-preserving distributed 
protocols have been developed for horizontally partitioned data 
for building decision trees, mining association rules. Assume that 
different sites collect information about the same set of entities, 
but they collect different feature sets in vertical partitioned data. 
We do not assume the existence of such a device. Instead, we try 
to make sure that providing the true input is the best choice for 
a participating party.To the best of our knowledge, all the earlier 
privacy preserving data analysis protocols adopt that participating 
parties are truthful about their private input data.

B. Non-Cooperative Computation:
In the NCC model, each party contributes in a procedure to study 
the output of some givenfunction among   the   joint inputsof the 
parties. First, all participating    parties direct    their   private    inputs 
securely to a trusted third party (TTP), then TTP computes and 
sends back the result to eachparticipating party.The algorithmic 
mechanism design attempts to discover how private inclinations 
of several parties could be united to find a global and socially 
optimal solution. The initial priority for every participating party 
is to learn the correct result and is often referred as correctness.If 
possible, every participating party chooses to acquire the correct 
result absolutely.
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C. Comparison For TTP Inputs To The Security System:
Merging the two concepts DNCC and SMC, we can study 
privacy preserving data analysis tasks (without using a TTP) 
that are incentive compatible. We subsequent prove several such 
significant tasks (as function with Boolean output, set operations, 
linear functions, etc.) that whichever satisfy or do not satisfy the 
DNCC model. Also, note that the data analysis tasks analyzed 
next have hands-on SMC applications.

D. Privacy Preserving Association Rule Mining:
The connotation rule mining analyze whether the association rule 
mining  can be done in an incentive compatible manner over 
horizontally and vertically partitioned databases.The Security 
Code is valid indicates accomplish the credit card operation 
otherwise not respond the system.

VI. Conclusion
Investigated what kinds of PPDA tasks are spur compatible 
under the NCC model. Based on our findings, there are numerous 
important PPDA tasks that are incentive focused. As a future work, 
we will examine incentive issues in other data analysis tasks, 
and extend the proposed theorems under the probabilistic NCC 
model.The PPDA tasks analyzed in the paper can be compact to 
valuation of a sole function. Another key direction that we would 
like to follow is to create more proficient SMC methods tailored 
toapplying the data analysis tasks that are in DNCC
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