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Abstract---Most databases in real world have some amount 

of missing data. There are some solutions exists for handling 

the incompleteness. One of them is Partial Information 

Policy (PIP) operator. It is customized policy; end user can 

handle incompleteness by their way. PIP operator is denoted 

by ρ, which take conditions to fill incompleteness from end 

user. To fetch required information from various 

heterogonous data sources, a different policies use to handle 

incompleteness. So, it gives inconsistence result, due to 

incomplete data and different policies uses for that in some 

data sources. To overcome with this problem, in this paper, 

we have proposed data federation with Partial Information 

Policy (PIP) operator which is a reliable way to handle 

incompleteness in relational databases. Here, a generic 

approach to create a data federation, providing methods for 

schema integration (in order to create the federation 

schema), query decomposition (in order to translate the 

query to the federation into queries to subsequent database) 

and result integration (to select the answer that best suits the 

user information need). Hence, the overall quality and 

accuracy of the query answer will be improved. 

Keyword:- Partial information handling in databases, 

Knowledge personalization and customization, Relational 

database, Data federation. 

I. INTRODUCTION 

Database is an organized collection of information that can 

easily access, managed and updated. Relational database is a 

collection of tables of data items that is generally organized 

as per relational model. As we all know relational database 

is nothing but a set of tables. Each table contains one or 

more data categories in columns. Each row contains a 

unique instance of data for the categories defined by the 

columns. All commercial real-world relational database 

management systems implement some fixed way of 

managing incomplete information; but neither the RDBMS 

nor the user has any say in how the partial information is 

interpreted. But does the user of a stock database really 

expect an RDBMS designer to understand his risks and his 

mission in managing the incomplete information? Likewise, 

does an epidemiologist collecting data about some disease 

have confidence that an RDBMS designer understands how 

his data was collected, why some data is missing, and what 

the implications of that missing data are for his disease 

models and applications? The answer is usually no. A lot of 

research has been devoted to the problem of querying these 

so-called incomplete databases. However, a problem at least 

as delicate has been little studied. The problem is to 

updating them. Consider a simple relational database that 

contains three relations – a phone relation that has the 

schema (Name, Phon ), a spouse relation that has the 

schema ( Husband, Wife ) and an emp relation that has the 

schema (Person, Employer). While database researchers 

have understood the diversity of types of missing data (e.g., 

a value exists but is unknown—this may happen when we 

known someone has a phone but do not know the number; a 

value does not exist in a given case because the field in 

question is inapplicable—this may happen when someone 

does not have a spouse, leading to an inapplicable null in a 

relation’s spouse field; or we have no-information about 

whether a value exists or not—as in the case when we do 

not know if someone has a cell phone), the SQL standard 

only supports one type of unmarked null value, so RDBMSs 

force users to handle all partial information in the same way, 

even when there are differences. Nowadays Recent 

explosion in the number of database offerings like 

ORACLE, SQL server, DB2, Sybase MySQL, PostgreSQL, 

Teradata, Infomix, Ingres, Amazon’s simpleDB, 

RethinkDB, redis, Berkeley DB, memcached, couchDB, 

mongoDB etc. Because of so many resources are available 

accurse lost of uniformity. Many activities in database 

research and industry require finding and combining 

information from multiple heterogeneous and distributed 

resources. The scope of data requirements for a database 

often includes many autonomous resources, such as online 

data bases. Result of the any query on such data sources 

ignores the values which are semantically same but exactly 

different.  

II. RELATED LITERATURE REVIEW 

Feature extraction involves simplifying the 

database programmers have long recognized the 

convenience of using special symbols to fill in for 

incomplete or missing information in database records; 

these special symbols are commonly called null values. 

Useful computing systems must support users’ desires. 

Though the database theory literature counts several works 

on null values (e.g., [2], [7], [13], [18], [42]), all of them 

provide a fixed “a priori” semantics for nulls, allowing the 

user none of the flexibility required by users A, B, C, D, E, 

and F above. Other works in the fields of data mining, data 

warehousing, and data management, such as [32], [29], [31], 

[6], [24], have proposed fixed approaches for replacing nulls 

that work in specific domains and applications but do not 

allow modeling different kinds of partial information and 

different ways of resolving incompleteness. In contrast, [1] 

want users to be able to specify PIP operators (as part of 

their query or as a materialized view) to manage their partial 

information and then have the RDBMS directly answer 

queries in accordance with their PIP operators.  

The principal novelty about PIP operators allow 

end-users the flexibility to specify how they want to handle 

partial information which the above frameworks do not do. 

When performing analysis of complex data one of the major 

problems stems from the number of variables involved.  
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In classical RDBMS architectures, users specify an 

SQL query which is typically converted into a relational 

algebra query. A cost model and a set of query rewrite rules 

allow an RDBMS query optimizer to rewrite the query into 

a minimal cost query plan which is then executed.  

The main contributions are the following: 

A. In [1], they propose the general notion of PIP operator 

for resolving various kinds of incompleteness and give 

several useful and intuitive instances of PIP operators. Also 

index structures to support the efficient evaluation of PIP 

operators and show how to maintain them incrementally as 

the database is updated. 

B. Study the interaction between classical relational 

algebra operators and PIP operators. Specifically, they 

identify conditions under which evaluating PIP operators 

before or after a classical relational algebra operator yields 

the same result—this can be exploited for optimization.  

And also experimentally assess the effectiveness of 

the proposed index structures with a real-world airline data 

set. Specifically, they compare an algorithm exploiting their 

index structures with a naive one not relying on them and 

show that the former greatly outperforms the latter and is 

able to manage very large databases.  

Moreover, they experimentally evaluate the effect 

of the index structures when PIP operators are combined 

with classical relational algebra operators and study whether 

evaluating a PIP operator before or after a relational algebra 

operator, under the conditions which guarantee the same 

result, may lead to better performance.  

Databases containing null values have been 

investigated since the beginning of the relational data model 

[4], [5], [11], [14], [16], [18], [22], [25], [26], [42]. It was 

recognized early on that there are different types of null 

values, each of which reflects different intuitions about why 

a particular piece of information is missing. Also many 

works in AI have tackled the issue of dealing with 

incompleteness. These include logic program completions 

[10], closed world assumption [33], auto epistemic logic 

[30], and default logic [34], alternating-time temporal logic 

with imperfect information [19], [20], to mention a few. No-

information nulls were introduced in [42] to deal with the 

case where it is not known whether a missing value exists or 

not. They have also been considered in [25] and [4], [15], 

where integrity constraints in the presence of no-information 

nulls are studied. A greater amount of work has been 

devoted to the study of databases containing only unknown 

nulls. Different problems have been addressed, such as 

query answering [2], [13], [28], [35], [41], the 

characterization of consistency in the presence of integrity 

constraints [13], [17], [23], [22], [40], and updating the 

database [43], [13]. More expressive data models where the 

values that (labeled) unknown nulls can take can be 

constrained have been considered in [2], [13], [18]. The 

most common semantics adopted for this kind of database is 

given in terms of completions.  

Two largely accepted semantics of query 

answering are: 1) certain answers—a tuple is a certain 

answer to a query Q if it is an answer to Q in every 

completion; 2) possible answers—a tuple is a possible 

answer to a query Q if it is an answer to Q in some 

completion.  

A unified framework for dealing with different 

kinds of nulls was proposed in [7]. The main difference 

between the aforementioned papers and [1] is that in the 

former no attempt at resolving incompleteness is made. On 

the contrary, in this paper, thry argue that data stored in the 

database and the knowledge the user has of it can be 

profitably leveraged so that the user can create a “view” that 

addresses his needs. Thus, PIP operators provide end-users 

with far greater flexibility, empowering them to bring their 

knowledge of the application to bear on their incomplete 

information problems.  

The fields of data mining, data warehousing, and 

data management have addressed the problem of data 

quality in the presence of incomplete information mainly 

providing approaches based on cleaning techniques.  

In general, simple estimates for numeric and 

categorical data are used [29], [31], [32]. A more complex 

approach in classification analysis was proposed in [6]. For 

numeric data analysis, methods based on regression 

techniques were also developed [12], [31]. Probabilistic 

methods include probabilistic weighting methods such as 

the one proposed in [32] and Bayesian methods. In the last 

category, [9] proposes a Bayesian procedure for estimating 

and replacing missing data based on some prior knowledge 

about the distribution of the data; [8] estimates and replaces 

null values for categorical attributes using the uniform prior 

distribution and a Dirichlet posterior distribution.  

Recently, in [24] the posterior probabilities of a 

missing value belonging to a certain category are estimated 

using the simple Bayesian method and are used to compute 

a replacement value.  

This work also addresses the problem of supporting 

the efficient application of incompleteness resolution 

methods, by providing index structures that allow us to 

manage large databases, which is an issue addressed in none 

of the works above.  

In [37], Thalheim and Schewe also express concern 

about SQL’s uniform treatment of different kinds of partial 

information, and suggest the use of data types and different 

logics to overcome these limitations. They also sketch 

support for aggregation in their framework but their 

approach is still less general than our PIP operators.  

Also, they do not deal with implementation issues 

such as our index structure.  

Finally, we can say this work is also related to 

hypothetical reasoning [36] where one considers what 

follows from an assumption. Usually the assumption is 

inconsistent with known information, requiring changes to 

the latter trying to make it consistent with the assumption. 

III. PROPOSED WORK 

Data federation is very large area of research. There are 

some techniques use to handle partial information in 

RDBMS. One of them is the Partial Information Policy 

(PIP) operator. The PIP operator has already proved to be 

useful for handle the partial information for one RDBMS 

[1], [5], [6], [7]. However, for the heterogeneous data 

sources null values give poor result of query. So, it is yet to 

explore. This paper is focus on applying PIP operator on the 

integrated databases to achieve data federation. There are 

various heterogeneous data sources need uniformity and 

accuracy in result of relational algebra operator. Hence, the 
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scope of this dissertation will be to make the database more 

meaningful and then to make complete for generate accurate 

results. 

  
Fig. 1: Flow chart of proposed method 

 Missing value is fill by three way one is by aggregate 

PIP operator, second is by regression oriented PIP 

operator and third is PIP operator base on another 

attribute. 

 If there are heterogeneous data sources to generate 

result of query data federation engine provide such an 

environment. 

 We offer a systematic middle-ground solution to 

querying dynamic sources within a data federation 

system under the existing data federation technology. 

 When data is abstracts from different data sources, 

value level mapping give result from all data which 

name have different name but semantically meaning is 

same. Like nothing and none, good and well, etc.  

 If processed query need single data sources than 

directly apply PIP operator for null value according to 

end user’s selection of parameter to pass in PIP 

operator. 

 If processed query need multiple data sources than data 

federation engine extract data sources.  

 In data federation layer there are connector which 

connect configured data sources. 

 Query will be dividing in to sub queries. 

 Filter will find source and generate result. 

 After that for the missing values related to selected data 

handle by the end user’s parameters. 

 All results will be integrate and display according to 

view of design to end user. 

 Finally user session will end.  

Table. 2:  

Indian Unemployment Detail T2 

Id name state Reason Age (year) 

1 krupa Gujarat recession - 

2 arpi MP No-information 23 

3 suhani Rajasthan U1 22 

4 roshni Gujarat uneducated 25 

5 khushbu MP illiterate 19 

Suppose user want state in which percentage of 

female unemployment is below some specified threshold 

and reason for unemployment is illiterate. 

SQL query will ignore the incomplete tuple as well 

as condition having same meaning (synonym) tuple. For 

example, illiterate and uneducated are synonym. So the 

above SQL query will ignore the reason uneducated and will 

only consider illiterate. But the actual result should take 

uneducated into consideration. 

By applying PIP operator I will overcome with this 

problem and will give actual and accurate result. 

PIP cluster table include such null values and and 

fill by ρagg (v, year, GER, female_unemployment, name, 

age, {reason}, {State}). 

Table. 3:  

Counter Table For Female Unemployement 

State C C

v 

C

┴ 

C

u 

C

n 

Gujarat t1, t2, t3 2 0 1 0 

Rajasthan t4, t5, t6 2 0 0 1 

MP t7, t8, t9 3 0 0 0 

If we take ρavg than relevant (T,ρ) is (Gujarat, 

Rajasthan) Because Cu(c,A) + Cn(c,A) > 0 ˄ Cv(C,A) > 0 

Via, the specification it will check synonym. 

IV. RESULT AND ANALYSIS 

The performance of the proposed technique may be 

measured on the basis of Query answer quality. Query 

answer quality defines the score of different queries with 

and without applying this technique. Efficiency of the data 

is our main goal by this proposed work. 

Outcomes data will be federated so the query result 

will be more accurate. In our proposed algorithm we will 

provide both, prefix as well as suffix search. We will use the 

real world database containing different country’s zip code, 

city, country, state, area code. We will implement both, 

existing method and proposed method on this database.  

At the time of data federation the sources may use 

different policies to handle partial information. So this 

technique is common solution for all that issues. When the 

data is in word, and in such column if value is null it fill 

with same concept by considering semantically same values.  

Results should be count in numbers. Number of our 

proposed method should be more and accurate compared to 

existing method because of above stated reason. 

V. CONCLUSION 

This paper describe the various methods to handle the 

partial information in database, dealing with the 

management of incomplete databases, the DBMS dictates 

how incomplete information should be handled. Among the 

many techniques for filling the partial information all are 

based on the developer’s perspective of data and missing the 

perspective.  

The perspective of users may be domain experts 

and is the real candidate for information gap filling. The 

approach Partial Information Policy operator will leverage 

the information gap filling by user’s perspective. 

Implementing concept of partial information policy operator 

on data federation is effectively reduces the inconstancies in 

federated result set by the perspective of domain experts, 

while maintaining integration. 



Extending Partial Information Policy Operator to Achieve Data Federation In Relational Databases 

 (IJSRD/Vol. 2/Issue 03/2014/157) 

 

 All rights reserved by www.ijsrd.com 597 

REFERENCES 

[1]. M. Martinez, C. Molinaro, J. Grant, and V.S. 

Subrahmanian “Customized policies for handling 

partial information in relational databases” VOL. 25, 

NO. 6, JUNE 2013 IEEE.  

[2]. S. Abiteboul, P.C. Kanellakis, and G. Grahne, “On the 

Representation and Querying of Sets of Possible 

Worlds,” Theoretical Computer Science, vol. 78, no. 1, 

pp. 158-187, 1991. 

[3]. P. Atzeni and V. De Antonellis, Relational Database 

Theory. Benjamin/Cummings, 1993. 

[4]. P. Atzeni and N.M. Morfuni, “Functional Dependencies 

and Constraints on Null Values in Database Relations,” 

Information and Control, vol. 70, no. 1, pp. 1-31, 1986. 

[5]. J. Biskup, “A Formal Approach to Null Values in 

Database Relations,” Advances in Data Base Theory, 

vol. 1, pp. 299-341, Plenum Press, 1979. 

[6]. L. Breiman, J. Friedman, R. Olshen, and C. Stone, 

Classification and Regression Trees. Wadsworth and 

Brooks, 1984. 

[7]. K.S. Candan, J. Grant, and V.S. Subrahmanian, “A 

Unified Treatment of Null Values Using Constraints,” 

Information Sciences, vol. 98, nos. 1-4, pp. 99-156, 

1997. 

[8]. G. Chen and T. Astebro, “How to Deal with Missing 

Categorical Data: Test of a Simple Bayesian Method,” 

Organizational Research Methods, vol. 6, no. 3, pp. 

309-327, 2003. 

[9]. H.Y. Chi and J. Sedransk, “A Bayesian Procedure for 

Imputing Missing Values in Sample Surveys,” J. Am. 

Statistical Assoc., vol. 81, no. 395, pp. 5667-5676, 

1986. 

[10]. K.L. Clark, “Negation as Failure,” Logic and Data 

Bases, pp. 293- 322, Plenum Press, 1977. 

[11]. E.F. Codd, “Extending the Database Relational 

Model to Capture More Meaning,” ACM Trans. 

Database Systems (TODS), vol. 4, no. 4, pp. 397-434, 

1979. 

[12]. W. Fan, H. Lu, S.E. Madnick, and D. Cheund, 

“Direct: A System for Mining Data Value Conversion 

Rules from Disparate Data Sources,” Decision Support 

Systems, vol. 34, no. 1, pp. 19-39, 2002. 

[13]. G. Grahne, The Problem of Incomplete Information 

in Relational Databases. Springer, 1991. 

[14]. J. Grant, “Null Values in a Relational Data Base,” 

Information Processing Letters, vol. 6, no. 5, pp. 156-

157, 1977. 

[15]. S. Hartmann and S. Link, “When Data 

Dependencies over SQL Tables Meet the Logics of 

Paradox and S-3,” Proc. ACM 29th SIGMOD-

SIGACT-SIGART Symp. Principles of Database 

Systems (PODS), pp. 317-326, 2010. 

[16]. T. Imielinski and W. Lipski, “On Representing 

Incomplete Information in a Relational Data Base,” 

Proc. Seventh Int’l Conf. Very Large Data Bases 

(VLDB), pp. 388-397, 1981.  

[17]. T. Imielinski and W. Lipski, “Incomplete 

Information and Dependencies in Relational 

Databases,” Proc. ACM SIGMOD Int’l Conf. 

Management of Data, pp. 178-184, 1983. 

[18]. T. Imielinski and W. Lipski, “Incomplete 

Information in Relational Databases,” J. ACM, vol. 31, 

no. 4, pp. 761-791, 1984. 

[19]. W. Jamroga and J. Dix, “Model Checking Strategic 

Abilities of Agents under Incomplete Information,” 

Proc. Italian Conf. Theoretical Computer Science, pp. 

295-308, 2005. 

[20]. W. Jamroga and J. Dix, “Model Checking Abilities 

under 

[21]. Incomplete Information Is Indeed _P2 -Complete,” 

Proc. European Workshop Multi-Agent Systems, 2006. 

[22]. Int’l Standard ISO/IEC 9075-2:2003(E). 

Information Technology: Database Languages, SQL 

Part 2 (Foundation), 2003. 

[23]. M. Levene and G. Loizou, “Database Design for 

Incomplete Relations,” ACM Trans. Database Systems 

(TODS), vol. 24, no. 1, pp. 80-125, 1999. 

[24]. M. Levene and G. Loizou, “Axiomatisation of 

Functional 

[25]. Dependencies in Incomplete Relations,” 

Theoretical Computer Science, vol. 206, nos. 1/2, pp. 

283-300, 1998. 

[26]. X.B. Li, “A Bayesian Approach for Estimating and 

Replacing Missing Categorical Data,” J. Data and 

Information Quality, vol. 1, no. 1, pp. 1-11, 2009. 

[27]. Y.E. Lien, “On the Equivalence of Database 

Models,” J. ACM, vol. 29, no. 2, pp. 333-362, 1982. 

[28]. W. Lipski, “On Semantic Issues Connected with 

Incomplete Information Databases,” ACM Trans. 

Database Systems (TODS), vol. 4, no. 3, pp. 262-296, 

1979. 

[29]. W. Lipski, “On Databases with Incomplete 

Information,” J. ACM, vol. 28, no. 1, pp. 41-70, 1981. 

[30]. W. Lipski, “On Relational Algebra with Marked 

Nulls,” Proc. Symp. Principles of Database Systems, 

pp. 201-203, 1984. 

[31]. D. Michie, D.J. Spiegelhalter, and C. Taylor, 

Machine Learning, Neural and Statistical Classification. 

Ellis Horwood, 1994. 

[32]. R.C. Moore, “Semantical Considerations on 

Nonmonotonic Logic,” Artificial Intelligence, vol. 25, 

no. 1, pp. 75-94, 1985. 

[33]. D. Pyle, Data Preparation for Data Mining (The 

Morgan Kaufmann Series in Data Management 

Systems). Morgan Kaufmann, 1999. 

[34]. J.R. Quinlan, C4.5: Programs for Machine 

Learning (Morgan Kaufmann Series in Machine 

Learning), Morgan Kaufmann, 1993. 

[35]. R. Reiter, “On Closed World Data Bases,” Proc. 

Workshop Logic and Data Bases, pp. 55-76, 1977. 

[36]. R. Reiter, “A Logic for Default Reasoning,” 

Artificial Intelligence, vol. 13, no. 1/2, pp. 81-132, 

1980. 

[37]. R. Reiter, “A Sound and Sometimes Complete 

Query Evaluation Algorithm for Relational Databases 

with Null Values,” J. ACM, vol. 33, no. 2, pp. 349-370, 

1986. 

[38]. N. Rescher, Hypothetical Reasoning. North-

Holland Pub. Co., 1964. 

[39]. B. Thalheim and K.-D. Schewe, “Null ‘Value’ 

Algebras and Logics,” Information Modelling and 

Knowledge Bases XXII, Frontiers in Artificial 



Extending Partial Information Policy Operator to Achieve Data Federation In Relational Databases 

 (IJSRD/Vol. 2/Issue 03/2014/157) 

 

 All rights reserved by www.ijsrd.com 598 

Intelligence and Applications, A. Heimbu¨ rger et al., 

eds., vol. 225, pp. 354-367, IOS Press, 2011. 

[40]. J. Ullman and J. Widom, A First Course in 

Database Systems, third ed. Prentice Hall, 2008. 

[41]. M.Y. Vardi, “On the Integrity of Databases with 

Incomplete Information,” Proc. Symp. Principles of 

Database Systems, pp. 252- 266, 1986. 

[42]. Y. Vassiliou, “Functional Dependencies and 

Incomplete Information,” Proc. Sixth Int’l Conf. Very 

Large Data Bases (VLDB), pp. 260- 269, 1980. 

[43]. L. Yuan and D. Chiang, “A Sound and Complete 

Query Evaluation Algorithm for Relational Databases 

with Null Values,” Proc. ACM SIGMOD Int’l Conf. 

Management of Data, pp. 74-81, 1988. 

[44]. C. Zaniolo, “Database Relations with Null Values,” 

[2] Indian script character recognition: a survey U. Pal, 

B.B. Chaudhuri∗U. Pal, B.B. Chaudhuri / Pattern 

Recognition 37(2004) 1887– 1899. 

[45]. S. Abiteboul and G. Grahne, “Update Semantics 

for Incomplete Databases,” Proc. 11th Int’l Conf. Very 

Large Data Bases (VLDB), pp. 1-12, 1985. 


