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Abstract— 

In many examples, making an attempt to be better than others parties who have private facts may collaboratively 

control of business privacy preserving made distribution facts observations (PPDA) tasks to learn good facts models 

or observations outcomes. For example, different credit card companies may do one's best to make better models for 

credit card false behavior discovery through PPDA works. In the same way, taking part in competition companies in 

the same industry may do one's best to trading group their sales facts to make models that may say what will take 

place in the future the future sales. In many of these examples, the making an attempt to be better than others parties 

have different reasons (purposes). Although certain PPDA techniques be responsible for that nothing other than the 

last observations outcome is let be seen, it is not possible to make certain of whether or not taking part parties are 

truthful about their private input facts. In other words, unless right reasons (purposes) are group, even current PPDA 

techniques cannot put a stop to taking part parties from modifying their private inputs. This raises the question of 

how to design reason (purpose) able to exist together privacy-preserving knowledge for computers observations 

techniques that be the reason for taking part parties to make ready truthful input facts. In this paper, we first undergo 

growth key theorems, then base on these theorem, we get at the details of what types of privacy-preserving 

knowledge for computers observations tasks could be guided in a way that having effect the truth is the best good 

quality for any taking part group. 

 I.  Introduction 

In many cases taking part in competition parties who have private data may collaboratively control of business 

privacy preserving made distribution data  analysis PPDA tasks to learn good data  models or analysis results. For 

example different credit card companies may do one's best to make better models for credit card false behavior 

discovery through PPDA tasks in the same way making an attempt to be better than others companies in the same 

industry may do one's best to trading group their sales data to make models that may say what will take place in the 

future the future sales. In many of these cases the taking part in competition parties have different reasons (purposes) 

Although certain PPDA techniques be responsible for that nothing other than the last analysis  outcome is let be seen 

it is not possible to make certain of whether or not taking part parties are truthful about their private input data. In 

other words unless right reasons (purposes) are put even current PPDA techniques cannot put a stop to taking part 

parties from modifying their private inputs. This raises the question of how to design reason (purpose) able to exist 

together right not to be public keeping safe data analysis techniques that be the reason for taking part parties to make 
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ready truthful input data. In this paper we first undergo growth key theorems   then base on these theorems we get at 

the details of what types of right not to be public keeping safe data analysis tasks could be guided in a way that 

having effect the truth is the best good quality for any taking part group. Right not to be public and safety 

particularly supporting secretly of data have become a hard question under discussion with moves-forward in 

information and news technology. The power to exchange and part data has many benefits and the idea of an 

omniscient data starting point carries great value to research and building accurate  data analysis models. For 

example for credit card companies to make more complete and accurate  false behavior discovery system credit card 

bit of business data from different companies may be needed to produce better data  analysis  models. Department of 

energy supports research on building much more good at producing an effect diesel engine. Such a strongly desiring 

work has need of the working together of geographically made distribution industries person laboratories and 

universities. Those institutions including the possibly taking part in competition industry married persons need to 

part their private data for building data analysis models that make able them to get clearly the close relation physical 

events in the same way different pharmaceutical companies may need to trading group their private research data to 

say what will take place in he future the good effect of some protein families on certain diseases. 

1.1 Ease of Use 

This On the other hand, an omniscient facts starting point XXX misuse, such as the growing hard question of 

making-out crime against property. To put a bring to an end to misuse of facts, there is a nearby surge in laws 

ordering system of care for TRADE to be kept secret particulars such as the European town right not to be public 

standards, U.S. health-care laws, and California SB1386. on the other hand, this system of care for TRADE comes 

with a true price through both added safety making use of and penalty and costs associated with disclosure. For 

example, Card Systems was put an end to by visa and American Express after having credit card information taken 

(property of another). good quality Point amount of goods lost 20% of its value in the month splinter assemblage 

their disclosure of information crime against property. Such public relations costs can be immense and could 

possibly put to death a company. From teachings learned in experience, what we need is the power to work out the 

desired good outcome of knowledge for computers having the same for observing without having to actually 

statement of part-owner or give news facts. This would support the safety given by separating of control while still 

getting the benefits of a complete knowledge for computers starting point.  

Recently came out of as an answer to this hard question. Simply, if a signed agreement between nations meets the 

SMC clear outlines, the taking part parties learn only the last outcome and whatever can be worked out from the last 

outcome and their own inputs. A simple example is Yao's one with a million dollars hard question : two ones with a 

million dollars, Alice and Bob, need to learn who is fuller without disclosing their true, in fact great amount to each 

other. Recognizing this, the research community has undergone growth many SMC approved designs, for 

applications as different as making statement of weather, decision tree observations and put up for offers among 

others... 

II. Related Work & Background 

In this part, we begin with an overview of privacy-preserving dispersed data analysis. Then we briefly discuss the 

concept of non-cooperative computation. In this paper we take to be true that the number of bad or false taking part 

parties can be at most N where N is the number of parties. This thing taken as certain is very general since most 

having existence works in the area of privacy preserving data analysis take to be true either all taking part parties are 

upright, true or almost straight, good or the greater number or part of taking part parties are upright, true Thus we 

stretch the non cooperative computation clear outlines to make into one cases where there are multiple false parties. 

In addition we make clear to that from reason (purpose) compatibility point of view most data analysis tasks need to 

be got broken up (into simpler parts) only for two  meeting of friends cases in addition to play or amusement the use 

of our undergone growth theorems we use these theorems to get at the details of under what conditions common data 



                                IJRIT International Journal of Research in Information Technology, Volume 2, Issue 8, August 2014, Pg. 117-122 

Thullur Sudheer, IJRIT  119 

 

analysis tasks such as middle, half way between and covariance matrix rough statement can be did, gave effect to in 

a reason (purpose) able to exist together ways The paper is put into order as  

follows.  

A.  Privacy-Preserving Data Analysis 

A lot of privacy-preserving data study protocols have be calculated by means of cryptographic technique. 

Information is usually understood to be also up and down or flat partition. Data partitioning scheme. In the case of 

horizontally partition data, poles apart site assemble the same set of information about pole apart entities. For 

photograph analogous credit card company may accumulate credit card transactions of unusual persons. Privacy-

preserving distributed protocol have been developed intended for horizon-tally partitioned data for building decision 

trees taking out association rules, and generate k-means clusters and k-nn classifiers.  

B.  Non-Cooperative Computation 

I. Recently, research issues at the intersection of com-putter science and game theory have been studied extensively. 

Among those research issues, algorithmic mechanism design and non-cooperative computation are closely related to 

our work. The field of algorithmic mechanism design tries to explore how confidential preference of numerous party 

might be combined to find a global and socially optimal solution more regularly than not in algorithmic instrument 

design, there   exist a   gathering  that wishes  to  be  maximize  based on  the  private  input of  the  parties,  

and  the  goal is to develop mechanism and compensation schemes that force individuals to tell their true private 

values. In our case, since it is hard to assess the financial cost of the data psychoanalysis penalty, think up a payment 

system that be required by numerous instrument design models is not viable Vickrey-Groves-Clarke mechanism 

Instead, we approve the non-cooperative totaling model that is planned for party who want to jointly compute the 

correct function results on their private inputs. Since data analysis algorithms can be there seen as a singular case, 

modify non-cooperative division model for our purposes is a natural choice. 

The non-cooperative computation (NCC) model can be seen as an instance of apply pastime theoretical thoughts in 

the distributed computation setting  In the NCC model, each party participates in a procedure to learn the output of 

some given function f over the joint inputs of the parties. First, all participating parties send their confidential inputs 

securely to a trusted third party (TTP), then TTP computes f and sends back the result to every contribute party. The 

NCC model makes the following assumptions: 

In other words, learning the correct result is the most important point of every party. Other factors such as privacy 

and voyeurism could survive also well thought-out outside the NCC setting. We take account of such discussion 

here. Additional niceties can be found in this paper, we use the NCC scenery where each gathering wants to learn 

the data mining result correctly, if possible prefers to learn it wholly. Also, we take for granted that revealing only 

the consequence does not violate solitude 

III. Characteristics Of DNCC Functions 

Because discussed previously, the term incentive compatible means that participating party have the incentive or 

motivation to provide their actual inputs when they compute functionality. Though SMC-based privacy-preserving 

data analysis protocol (under the malicious adversary model) can prevent participating party as of modifying their 

inputs once the protocols are initiated, they cannot put off the parties from modifying their participation before the 

resources punishment. On the other hand over, party be predictable to provide their true inputs to correctly evaluate 

a function that satisfies the NCC model. Then, either functionality that satisfies the NCC model is inherently 

incentive on the same wave length under the guess that participating party prefer on the thoroughfare to learn the 

function result in the approved manner, and if promising exclusively. At the split second the problem is which 
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functionalities or data analysis tasks satisfy the NCC model. For the rest of the document, we first develop certain 

key theorems regarding NCC functions. Based on these theorems, we consequently look into functionalities that can 

be implemented under (or keep happy) the NCC model. Based on definition 2.1, it is easier said than done to prove 

whether or not function f is in DNCC for the reason that the substantiation needs to think about all promising ti and 

gi pair In general, the strategy ti defines a way to change the participation, and the line of attack gi defines a method 

to restructure the actual result base intriguing place the true contribution, modified input and the result When 

evaluating certain privacy-preserving protocols in practice, we need to consider the case where an adversary may 

control a subset of the parties involved in the protocol. Such an adversary may force the parties it controls to submit 

wrong inputs.  

In regulate to analyze functionalities that are incentive compatible when collusion is possible, the current DNCC 

model needs to be extended to include the possibility of collusion. In other words, we need to understand that given 

f is in DNCC, whether or not f is still in DNCC could you repeat that? time collusion occurs. To analyze this, we 

continue to follow the correctness and exclusiveness assumptions under the NCC model. Based on the assumptions, 

we next define the DNCC functions for the case where an adversary joystick at most t fixed parties compute base on 

the modified input and other party input data.  

IV. Analyzing Data Analysis Tasks In The NCC Model 

So distant we have developed techniques to prove whether or not a function is in DNCC. Combining the two 

concepts DNCC and SMC, we can analyze privacy-preserving data analysis tasks (exclusive of utilizing a TTP) that 

are incentive compatible. We next provide evidence quite a lot of such imperative tasks (as function with Boolean 

amount produced set operation, linear functions, etc) that what's supplementary satisfy or do not convince the 

DNCC facsimile. Also, note that the information analysis household tasks investigate afterward receive account of 

practical SMC-implementations.  

2) parallel dividing wall Data: The greater than predicament of withdrawal connection rules can be extended to 

distributed environments. give permission us assume that a transaction database DB is horizontally partitioned 

among marital parties where DB = DB1 ∪DB2∪• • •∪DBn, and DBi reside at party i's site (1 ≤ i ≤ n). The item set 

X has local support count of X.supi at party i if X.supi of the communication contain X The set of large item sets L 

(k) consists of all k-item sets that are globally supported. Given the transaction database DB as 0/1 matrix, where 

each column is an item and each row is a transaction, the DB is considered upright partitioned if poles apart parties 

know different column of the DB. To mine association rules over vertically partitioned data, it has been shown that 

you need to calculate a dot product with 0/1 vectors, where everyone vector represents contradiction with our earlier 

result that shows with the intention of the function computing dot product of real appreciated vectors is not in 

DNCC. Note with the intention of ti describe for the period article for consumption of real valued vectors will no 

longer work in the context of binary vectors since you can only reproduce each entry by resources of zero or one. 

Another important detail to note is we assume that the binary vectors be non-zero vectors. This possibility be 

imperative because stipulation we tolerate zero vectors, the dot item for consumption as well we know with the 

intention of |S1| > 0 given that v1 is a non-zero vector. Without loss of generality, we assume that t1 modifies some 

subset of the v1's rows. (Note that any t1 that transform v1 could be represented as the position of indexes that are 

negated.) Let C be the set of indexes null and null and void by means of t1. Suppose C 6= ∅, and because C = ∅ 

implies t1 (v1) = v1, we can rewrite f (v result could be accurately determined even without any computation by the 

superintendent of the zero vector. is realistic because with moderately large databases, it is highly likely with the 

intention of in attendance exists by the surface of least one transaction consequently the possessor of the zero vector 

could make longer out regarding its input by means of no involvedness. We believe that the assumption of non-zero 

binary vectors is realistic since with fairly large databases, it is highly likely that there exists at least one transaction 

that supports the required item. whether a certain set of items are present in a transaction or not  Therefore, if we can 
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show by way of the purpose of functions calculating dot product with binary vectors is in DNCC, then using the 

results from , we can bring to a close that cunning an support count of an item set is also in DNCC. Even though 

privacy-preserving data analysis tech-niques guarantee that nothing other than the final result is disclosed, whether 

or not participating parties provide truthful input data cannot be verified. In this paper, we have investigated what 

kinds of PPDA tasks is incentive compatible under the NCC model. Based on our findings, there are several 

important PPDA tasks that are encouragement driven. As a future work, we will investigate 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 reduced to evaluation of a single function. Now, the question is how to 

analyze whether a PPDA task is in DNCC if it is reduced to a set of functions. In other words, is the composition of 

a set of DNCC functions still in DNCC? We will formally answer this question in the future. Transformation stages 

before a final outcome is reached. These transformations (sometimes termed preprocessing, feature selection or 

feature extraction) operate on the data in a way that usually reduces its dimension (reduces the number of features), 

removing redundant or irrelevant information, and transforms it to a form more appropriate for subsequent 

classification. The term intrinsic dimensionality refers to the minimum number of variables required to capture the 

structure within the data.  In the speech recognition example mentioned above, a preprocessing stage may be to 

transform the waveform to a frequency representation. This may be processed further to and form nts (peaks in the 

spectrum). This is a feature extraction process (taking a possible nonlinear combination of the original variables to 

Even though privacy-preserving data analysis techniques guarantee that nothing other than the final result is 

disclosed, whether or not participating parties provide truthful input data cannot be verified. In this paper, we have 

investigated what kinds of PPDA tasks are incentive compatible under the NCC model. Based on our findings, there 

are several important PPDA tasks that are incentive driven. As a future work, we will investigate 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 reduced to evaluation of a single function. Now, the question is how to analyze whether 

a PPDA task is in DNCC if it is reduced to a set of functions. In other words, is the composition of a set of DNCC 

functions still in DNCC? We will formally answer this question in the future. Another important direction that we 

would like to pursue is to create more efficient SMC techniques tailored towards implementing. 

V. Future Work 

Even though privacy-preserving knowledge for computers observations techniques give support to (a statement) that 

nothing other than the last outcome is disclosed, whether or not taking part parties make ready truthful input facts 

cannot be made certain of. In this paper, we have researched what kind of PPDA tasks are reason (purpose) able to 

exist together under the Ncc design to be copied. Based on our decisions in law, there are several important PPDA 

tasks that are reason (purpose) driven. As a future work, we will research reason (purpose) issues in other facts 

observations works, and stretch the made an offer theorems under the probabilistic Ncc design to be copied.  

The PPDA tasks got broken up (into simpler parts) in the paper can be made lower, less to put value of a single 

group event. Now, the question is how to get at the details of whether a PPDA work is in DNCC if it is made lower, 

less to a put of group events. In other words, is the thing in place of natural one of a group of DNCC purposes, uses 

still in DNCC? We will formally answer this question in the future. Another important direction that we would like 

to go after is to make come into existence more good at producing an effect SMC techniques tailored in the direction 

of implementing the facts observations tasks that are in DNCC. 
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