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Abstract--- Most real-world databases have at least some 

missing data. Today, users of such databases are “on their 

own” in terms of how they manage the incompleteness. The 

existing system deals with the general concept of partial 

information policy (PIP) operator to handle incompleteness 

in relational databases. PIP operators build upon preference 

frameworks for incomplete information, but accommodate 

different types of incomplete data (e.g., a value exists but is 

not known; a value does not exist; a value may or may not 

exist). Different users in the real world have different ways 

to handle incompleteness - PIP operators allow them to 

specify a policy that matches their attitude to risk and their 

knowledge of the application and how the data was 

collected. It results in longer time for updating and 

incompleteness cannot be eliminated completely. The 

proposed system with the help of Expectation Maximization 

Algorithm and Multiple Imputation Algorithms eliminates 

the incompleteness and predicts the missing values without 

the user interaction by relating the missing attributes with 

the supporting tables. The proposed method is evaluated 

with a large particular database and the result demonstrates 

that the proposed approach is better than the existing 

algorithms and root mean square error (RMSE) at different 

missing ratios. 
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I. INTRODUCTION 

PARTIAL information arises when information is 

unavailable to users of a database when they enter new data. 

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. 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 know 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. We have worked with two data sets containing 

extensive partial information. One contains data associated 

with terror groups. The other is one of the most authoritative 

data sets about education in the world from the World Bank 

and UNESCO—this data set is used by education 

professionals in virtually every developing country and 

contains data for each of 221 countries with over 4,000 

attributes per country. As the data was collected manually 

through extensive surveys, there are many incomplete 

entries. The incompleteness is due to many factors (e.g., 

conflict in the country which made collecting difficult 

during certain time frame). This data may seem strange to 

most computer scientists who are used to dealing with the 

Amazons and Ebays of the world where data is collected 

online and is complete. Unfortunately, there are still a huge 

number of applications where data is collected “on the 

ground” through careful surveys and studies (which applies 

to virtually everything in health care and education outside 

the developed world). The World Bank and UNESCO have 

spent hundreds of millions of dollars in building this 

database and keeping it updated continuously every year. 

Not only education policy experts from the World Bank and 

UNESCO use this data, but also education policy experts 

from virtually every developing country in the world (as 

well as aid agencies like USAID, DFID, AusAid, and so on. 

from developing countries)—because this is simply the most 

“trusted” data they have. Furthermore, even people from 

other domains use it (e.g., health policy experts, as there are 

many known relationships between education and health of 

populations).  

II. SYSTEM MODELS 

 Existing System A.

Existing Methods for dealing with missing values can be 

classified into three categories by following the idea from 1) 

case deletion, 2) learning without handling of missing 

values, and 3) missing value imputation. The case deletion is 

to simply omit those cases with missing values and only to 

use the remaining instances to finish the learning 

assignments. The existing approach is to learn without 

handling of missing data, such as Bayesian Networks 

method, Artificial Neural Networks method. 

Commonly used methods to impute missing values include 

parametric and nonparametric regression imputation 

methods. 

John et al.  Thought that iterative approaches 

impute missing values several times and can be usefully 

developed for missing data imputation. Zhang et al.  And 

Caruana proposed nonparametric iterative methods but 

based on a k-nearest neighborhood framework.  

1) Disadvantages of Existing System:  

The parametric and nonparametric regression imputation 

methods in real applications, it is often impossible to know 

the distribution of the data set. Therefore, the parametric 
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estimators can lead to highly bias, and the optimal control 

factor settings may be miscalculated. 

These imputation methods are designed for either 

continuous or discrete independent attributes. 

Some methods, such as C4.5 algorithm, 

association-rule-based method, and rough-set-based method, 

are designed to deal with only discrete attributes. 

There are some conventional imputation 

approaches, designed for discrete attributes using a 

“frequency estimator” in which a data set is separated into 

several subsets or “cells. However, when the number of cells 

is large, observations in each cell may not be enough to 

none parametrically estimate the relationship among the 

continuous attributes in the cell.  

However, all the above methods were designed to 

impute missing values with only the observed values in 

complete instances, and did not take into account observed 

information in incomplete instances. 

 Proposed System  B.

In the proposed system, the initial step is preprocessing in 

which the values are deleted from the tables for the given 

percentage in order to produce the missing values. In the 

next step Polynomial Prediction is applied in order to find 

the missing values in the table based on the lower bounds 

and upper bounds of the missed value’s column. Those 

values which can’t be predicted by Polynomial Prediction 

[10] are identified by DFT Prediction in next step based on 

assumption. Finally Root Mean Square Error (RMSE) is 

calculated to estimate the percentage of error in the 

predicted values for Polynomial prediction.  

 The main advantage of the proposed paper is that 

the Polynomial Prediction predicts the unknown data with 

the curve, where the prediction process is based on the time 

domain. DFT method is efficient for online processing. DFT 

will offer an accurate result if data remains approximately 

the same in the frequency domain. 

III. MODULES 

 Module Description A.

1) Data Set Preprocessing. 

2) MCAR- Missing Values Completely At Random 

   A) Applying Expectation Maximization Algorithm 

   B) Applying Multiple Imputation Algorithms. 

3) MAR - Missing Values At Random. 

   A) Applying Expectation Maximization Algorithm 

   B) Applying Multiple Imputation Algorithms.  

4) NMAR - Not Missing At Random. 

   A) Applying Expectation Maximization Algorithm 

   B) Applying Multiple Imputation Algorithms.  

5) Computation of RMSE. 

1) Data Set Preprocessing:  

A data set is a collection of data, usually presented in tabular 

form. Each column represents a particular variables and a 

data set has several characteristics which define its structure 

and properties. These include the number and types of the 

attributes or variables. The original datasets are randomly 

deleted with the 5%, 10%, 15% and 20% missing value of 

the attribute value for the selected attribute.  

2) Mcar- Missing Values Completely At Random  

a) Applying Expectation Maximization 

Algorithm:  

We apply Expectation and Maximization Algorithm to the 

attribute which is has missing values completely at random 

namely Attribute name: Designation /Occupation. The type 

of occupation an entity in the records performing is purely 

random. So, Designation / occupation attribute (Column 

name) is selected. 

If we know the value of μ we could compute the 

expected value of a and b  

 
If we know the expected values of a and b we could 

compute the maximum likelihood value of μ 

 
We begin with a guess for μ.   We iterate between 

Expectation and Maximization to improve our estimates of μ 

and a and b. Define    μ(t)  the estimate of μ on the  t’th 

iteration    b(t)  the estimate 

 
b) Applying Multiple Imputation Algorithms: 

We apply the Multiple Imputation Algorithm for   missing 

values completely at random.  A random sample (sample 

size  = n) of incomplete data  associated with a population

1i  ( , , , ), 1,2,......d c

iX X Y i n   

where they 
/ /,d s c sX X  are observed when 

0;i iY  is missing when 1i  The tth imputation value 

( )tm x
t

iY  i of the ith missing value is denoted by  

t

iY   i that is evaluated with (9) as follows: 
t

iY   = 

( ) t

t i im X  where it is the number of 

iterative imputation times, ( )tm x  is the kernel estimator for 

( )tm x  

3) MAR - MISSING VALUES AT RANDOM. 

a) Applying Expectation Maximization 

Algorithm:  

We apply Expectation and Maximization Algorithm to the 

attribute which is has missing values completely at random 

namely Attribute name: Designation /Occupation. The type 
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of occupation an entity in the records performing is purely 

random. So, Designation / occupation attribute (Column 

name) is selected. 

If we know the value of μ we could compute the expected 

value of a and b  

 
If we know the expected values of a and b we could 

compute the maximum  

Likelihood value of μ 

 
We begin with a guess for μ.   We iterate between 

Expectation and Maximization   to improve our estimates of  

μ and a and b. Define    μ(t)  the estimate of μ on the  t’th 

iteration    b(t)  the estimate 

 
b) Applying Multiple Imputation Algorithms: 

We apply the Multiple Imputation Algorithm for   missing 

values completely at random.  A random sample (sample 

size  = n) of incomplete data  associated with a population

1i  ( , , , ), 1,2,......d c

iX X Y i n   

where they 
/ /,d s c sX X  are observed when 

0;i iY  is missing when 1i  The tth imputation value 

( )tm x
t

iY  i of the ith missing value is denoted by  

t

iY   i that is evaluated with (9) as follows: 
t

iY   = 

( ) t

t i im X  where t is the number of 

iterative imputation times, ( )tm x  is the kernel estimator for 

( )tm x  

4) NMAR - NOT MISSING AT RANDOM: 

a) Applying Expectation Maximization 

Algorithm:  

We apply Expectation and Maximization Algorithm to the 

attribute which is has missing values completely at random 

namely Attribute name: Designation /Occupation. The type 

of occupation an entity in the records performing is purely 

random. So, Designation / occupation attribute (Column 

name) is selected. 

If we know the value of μ we could compute the 

expected value of a and b  

 

If we know the expected values of a and b we 

could compute the maximum  

likelihood value of μ 

 
We begin with a guess for μ.   We iterate between 

Expectation and Maximization to improve our estimates of  

μ and a and b. Define    μ(t)  the estimate of μ on the  

t’th iteration    b(t)  the estimate 

 
b) Applying Multiple Imputation Algorithms: 

We apply the Multiple Imputation Algorithm for   

missing values completely at random.  A random sample 

(sample size  = n) of incomplete data  associated with a 

population 1i   

( , , , ), 1,2,......d c

iX X Y i n   

where they 
/ /,d s c sX X  are observed when 

0;i iY  is missing when 1i  The tth imputation value 

( )tm x
t

iY  i of the ith missing value is denoted by  

t

iY   i that is evaluated with (9) as follows: 
t

iY   = 

( ) t

t i im X  where t is the number of 

iterative imputation times, ( )tm x  is the kernel estimator for 

( )tm x  

5) Computation of Rmse 

The Root-mean-square error (RMSE) or Root-mean-square 

deviation (RMSD) is a frequently used measure of the 

differences between values predicted by a model or an 

estimator and the values actually observed. These individual 

differences are called residuals when the calculations are 

performed over the data sample that was used for 

estimation, and are called prediction errors when computed 

out-of-sample.   

  The RMSD serves to aggregate the magnitudes of 

the errors in predictions for various times into a single 

measure of predictive power. RMSD is a good measure of 

accuracy, but only to compare forecasting errors of different 

models for a particular variable and not between variables, 

as it is scale-dependent. 

The RMSE is used to assess the predictive ability 

after the algorithm has converged: 

RMSE - 

2

1

1
( )

m

i i

i

e e
m 
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Where  ie   - is the original attribute value
'

ie   -  is the 

estimated attribute value 

m   - is the total number of predictions 

The larger the value of the RMSE, the less accurate the 

prediction is. At the same time, the correlation coefficient 

between the actual and predicted values of missing attributes 

is calculated after convergence. In the above graph, 

comparison is made for the existing algorithms and the 

proposed algorithms, showing that the proposed system is 

more accurate, with an additional 30% more accuracy. 

 
Fig. 1: Graph of Accuracy 

IV. CONCLUSION 

PP and DFT based estimators are proposed against the case 

that data sets have both continuous and discrete independent 

attributes. It utilizes all available observed information, 

including observed information in incomplete instances 

(with missing values), to impute missing values, whereas 

existing imputation methods use only the observed 

information in complete instances (without missing 

values).The optimal bandwidth is experimentally selected by 

this method. The experimental results have demonstrated 

that the proposed algorithms outperform the existing ones 

for imputing both discrete and continuous missing values.  

 Future Work A.

The future work consists of following sequence; initially a 

nonparametric iterative imputation method is presented. In 

this a functions for the discrete attributes are studied and 

then a mixture function is proposed by combining a discrete 

data and continuous data. Also the chronicle data should 

also take into account in order to make an efficient retrieval.  
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